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ABSTRACT
The synthesis of proteins – translation – is one of the cellular processes that
consume a great deal of energy. Genome-wide assays performed in Arabidopsis and
other organisms have revealed that the translation status of mRNAs responds
dramatically to different stresses and environmental and growth signals. Similar assays
have revealed how translation of specific mRNAs is perturbed by genetic mutations in
eukaryotic translation initiation factors (eIFs). I performed genome-wide analyses of
translation state in A. thaliana seedlings with mutant genotypes for a specific eIF
(subunit h of eIF3) and the large ribosomal protein, L24 (RPL24B). Using data from prior
microarray analysis of polysome-bound (polysomal, PL) and free or monosomal (nonpolysomal, NP) mRNA pools, we identified a total of 155 and 388 mRNAs that are
translationally regulated by mutation in rpl24b and eIF3h, respectively. These data
bolster the conclusion that RPL24 and eIF3h play similar but nonidentical regulatory
roles in eukaryotic translation. Moreover, by comparing 12 bona fide identical wild-type
replicates, we found that 20% of mRNAs have unusually high stochastic variation in their
translation state. These mRNAs tend to be functionally associated with responses to the
environment. Finally, we performed a meta-analysis of translation data from this
laboratory and in the public domain to compare changes in translation state under ten
different environmental conditions and mutant genotypes. A large proportion of
Arabidopsis mRNAs change their translation state in at least one experiment. We see
evidence that a large number of mRNAs are translationally coregulated under a subset
of environmental conditions. For example, many mRNAs encoding ribosomal proteins
(RPs) and ribosome-associated proteins cluster together through rpl24b, eif3h,
herbicide, diurnal cycle, darkness and hypoxia experiments providing new evidence that
these mRNAs form a regulon of translational control. However, many of the generally
coregulated mRNAs seem to break away from the pack under one or more specific
environmental conditions. These data begin to uncover the complex landscape of
translational control in Arabidopsis.
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1. Chapter I. Introduction

1.1 Summary
Five chapters comprise this thesis. Chapter 1 provides background information to
introduce the reader to the current understanding of translation control in plants in
response to environmental factors and mutations in translation initiation and elongation
factors, as well as the application of DNA microarray technology for the analysis of data
on genome-wide changes in translation states. This chapter also summarizes how
components that interact with mRNAs and affect the recruitment of ribosomes, for
example the eukaryotic initiation factor 3 (eIF3) and the large ribosomal protein, L24
(RPL24B), are prime candidates to influence differential effects of mRNA translation.
Chapter 2 develops a robust set of bioinformatic tools specifically for microarray data on
mRNA translation states by comparing normalization and gene filtering mechanisms.
These methods were later applied on datasets for mutant genotypes (rpl24b, eIF3h,
eIF3k and pab2;pab8) and different environmental conditions (hypoxia, virus infection).
Other aspects covered in Chapter 2 include the systematic analysis of inherent variation
in translation state data for wild-type replicated samples, and how beneficial it is to
exclude variable genes in microarray analysis of translation state in the pilot datasets, as
well as the comparative advantage of flagging for ‘absent’ calls with filtering genes for
variability in wild-type in translation state. Chapter 3 assesses the distinct yet
overlapping roles of RPL24B and eIF3h in translation control. These changes in
translation state were compared against changes in transcript levels for all Arabidopsis
genes as well differentially expressed genes. In Chapter 4, I performed a meta-analysis
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to compare the differences and similarities in translation profiles under ten
environmental and genotype conditions.

1.2 Translation control
Eukaryotic gene expression can be regulated at different levels, such as
transcription, post-transcriptional mRNA processing, translational control, and protein
degradation. One of these, translational control, has been proposed to play important
roles in plant development and environmental stress responses (FLORIS et al. 2009;
MUNOZ and CASTELLANO 2012). The synthesis of proteins – translation – is one of the
cellular processes that consume a great deal of energy. The process of translation can
be subdivided into several steps: initiation, elongation, termination and recycling. In
comparison to human and yeast, plant translational control is less well characterized;
especially the rate-limiting step, translation initiation, is not fully understood yet.
1.2.1 Translation control – the role of eIFs and RPs
Translation control is a multistep process in which regulation is exerted at many
levels, including initiation, elongation/termination and recycling. The plurality of known
translation control mechanisms occur at the initiation phase [reviewed in (MATHEWS
2007)]. Moreover, translation of eukaryotic mRNAs is initiated through cap-dependent
linear scanning, in which initiation occurs exclusively or preferentially at the most 5'proximal AUG codon in a favorable initiation context (KOZAK 1999). Briefly, a 43S preinitiation complex (PIC) is formed by the binding of translation initiation factors (eIFs) 1,
1A and 3, and a ternary complex (TC, eIF2–GTP–Met-tRNAiMet) binds to the small 40S
ribosomal subunit (40S) that is then loaded onto the capped 5'-end of the mRNA (which
13

is pre-bound with eIFs 4F, 4A and 4B) before scanning to the initiation start site. Then,
translation initiation proceeds through the formation of 48S PIC at this AUG codon
followed by the joining of a 60S ribosomal subunit (60S) – a process mediated by eIF5B
[reviewed in (HOLCIK and PESTOVA 2007; JACKSON et al. 2010)].
Translational control operates through elements of the general translation
initiation apparatus (Fig. 1.1), which comprises the 40S and 60S ribosomal subunits and
several eIFs and accessory proteins (JACKSON et al. 2010). Regulation of translation
initiation occurs by two broad mechanisms (JACKSON et al. 2010). One type of translation
control is exerted by the eIFs (or ribosomes), and thus affects virtually all scanningdependent initiation events. The best known cases of eIF-dependent control are the
availability of active eIF2α by reversible protein phosphorylation (LAGEIX et al. 2008;
ZHANG et al. 2008). The other type of control impacts the mRNA itself, either through
sequence-specific RNA-binding proteins or microRNAs (miRNAs), and is therefore
potentially selective for certain mRNAs (JACKSON et al. 2010). On the other hand, factors
that interact with mRNAs and affect their recruitment to ribosomes are major
candidates to modulate differential effects on the translation of mRNAs determining
translation efficiency.
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Figure 1.1. Schematic diagram of translation initiation in eukaryotes.
Translation of mRNA into protein begins after assembly of initiator tRNA, mRNA and
both ribosomal subunits. The complex initiation process that leads to 80S ribosome
formation consists of several linked stages that are mediated by eukaryotic initiation
factors (eIFs). The 40S ribosomal subunit is recruited to the mRNA via a complex array of
protein-RNA and protein-protein interactions. In the cap-dependent mechanism, the
pre-initiation complex binds to the mRNA at the 5' terminal cap structure with help of
the eIF4F protein complex and then migrates along the mRNA until it encounters the
initiation codon where the 80S ribosome is reconstituted. Upon release, the eIFs are
recycled. Adapted from (LOPEZ-LASTRA et al. 2005).
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Ribosomal proteins (RPs). Translation is also a biological process catalyzed by
the ribosomes, two subunit enzymes made of different ribosomal proteins (RPs) and
four ribosomal RNAs (rRNAs). A. thaliana has 81 RPs, divided among 33 40S small
subunit (SSU) and 48 large 60S subunit (LSU) RPs (BARAKAT et al. 2001; CHANG et al. 2005).
Like any other plant RP encoding genes, Arabidopsis RP genes exist as families of
multiple expressed members. Based on strong sequence conservation (BARAKAT et al.
2001), Barakat et al. have shown that A. thaliana has 249 genes that encode 80 different
types of r-proteins.
Cytosolic RP L24 (RPL24) is a constituent of the large 60S subunit only present in
archaebacterial and eukaryotic ribosomes (Fig. 1.2B). Translation assays in A. thaliana
have demonstrated that a mutant of A. thaliana for RPL24, stv1, in which one of the
RPL24-encoding genes, RPL24B, is deleted, lacks the normal basal gynoecium patterning
(NISHIMURA et al. 2005). It was further demonstrated that normal patterning is regulated
by uORFs and requires RPL24-dependent translation reinitiation (ZHOU et al. 2010). On
the other hand, similar phenotypes are seen upon mutation of RPL24B and one of the
subunits of eIF3 (Fig. 1.2A), eIF3h – a translation initiation factor on which our lab has
extensive data pertaining its regulatory role in translation reinitiation (KIM et al. 2007;
KIM et al. 2004; ROY et al. 2010; ZHOU et al. 2010). Similar to eIF3h, RPL24 plays a pivotal
role in the translation reinitiation of polycistronic mRNAs (PARK et al. 2001) or uORFharboring mRNAs (NISHIMURA et al. 2005; ZHOU et al. 2010).
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A

B

Figure 1.2. Structures of the eukaryotic initiation factor eIF3, and the large 60S
ribosomal subunit.
(A) A hypothetical interaction map of the 13 subunits of eIF3 that is based on mass
spectrometry of fragmented mammalian eIF3 [modified from (ZHOU et al. 2008)]. The
orange subunits are conserved in budding yeast while the rest are not. The j subunit
(green with black circle) is also conserved in yeast, but loosely associated with eIF3.
Moreover, eIF3j is conserved in Arabidopsis but the protein did not copurify with eIF3
(BURKS et al. 2001).The h subunit of eIF3 (eIF3h) (purple) was shown to promote the
reinitiation competence of uORF-containing transcripts in A. thaliana (KIM ET AL. 2007;
ROY ET AL. 2010) Deletion analyses of mammalian eIF3 subunits suggested that three
evolutionarily conserved subunits (eIF3a, eIF3b, and eIF3c) and three non-conserved
subunits (eIF3e, eIF3f, and eIF3h) are required for the integrity of mammalian eIF3
(MASUTANI et al. 2007). Up to six subunits of eIF3 (eIF3b, eIF3d, eIF3g, eIF3i, and eIF3j)
have also been shown to carrying the proteasome-COP9-eukaryotic initiation factor
(PCI) domain and up to two subunits (eIFf and eIF3h) harboring the Mpr1-Pad1 N
terminus (MPN) domain (VON ARNIM and SCHWECHHEIMER 2006). (B) Structure of the large
60S ribosomal subunit viewed from the 40S-60S interface side. RNA is in gray and
ribosomal proteins (RPLs) and eIF6 are colored (KLINGE et al. 2011). During translation
the ribosome moves toward the right. The RPL24 label is circled in red.
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Other specific proteins that have been implicated in plant translational control
include the cap binding complex, eIF4F, certain subunits of the 13-subunit eIF3 complex
(eIFa to eIF3m) (Fig. 1.2A), the tRNA loading factor eIF2, the poly(A)-binding proteins
(PABPs) (HORIGUCHI et al. 2012; KIM et al. 2007; MONZINGO et al. 2007; PALANIVELU et al.
2000; ROY et al. 2010; ZHANG et al. 2008).
Poly(A)-binding proteins (PABPs). The poly(A)-binding protein (PABP) is an
abundant eIF common in cells of higher eukaryotes, including plants. It binds to the
polyadenylated 3′ end of mRNA and interacts with the eukaryotic translation initiation
factor 4F complex (composed of the eIF4E, eIF4A and eIF4G proteins), which in turn is
bound to the 5’ cap structure of the mRNA [reviewed in (JACKSON et al. 2010)]. The
cumulative interaction forms a protein bridge bringing the 5’ and 3’ termini of the mRNA
into proximity and ultimately leading to synergistic enhancement of translation (SACHS
and VARANI 2000; WELLS et al. 1998). PABP also has other important functions in the cell
including stability of cellular mRNAs (BEHM-ANSMANT et al. 2007; PARKER and SONG 2004),
their biogenesis (AMRANI et al. 1997; BROWN and SACHS 1998) as well as their export to
the cytosol (BRUNE et al. 2005).
Plants and animals have multiple isoforms of PABPs (MANGUS et al. 2003) and
eight of which have been identified in Arabidopsis thaliana (BELOSTOTSKY 2003). In
contrast, most eukaryotes possess one or few of the PABP isoforms. The corresponding
proteins in Arabidopsis fall into four categories based on amino acid sequences, intron
biology, and gene expression. Among these, class II genes (PAB2, PAB4 and PAB8) are
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the most expressed and predicted to encode the bulk of PABP required for cellular
functions (Belostotsky, 2003).
When compared with the effects of environmental conditions, there is limited
information on the role of specific eIFs in translation. Some evidence points toward a
role for eIF3 in promoting the translation of specific ‘client’ mRNAs (KIM et al. 2007; KIM
et al. 2004; PARK et al. 2001). The different isoforms of eIF4E and eIF4G also contribute
differentially to translation (MAYBERRY et al. 2009; MAYBERRY et al. 2011). However, it is
not clear how widespread is the regulation of client mRNAs at translation level by
specific eIFs, auxiliary proteins (e.g. PABs) and ribosomal proteins (RPs).
1.2.2 Translation control in stress conditions
To mitigate effects of the environment, plants respond to external stimuli, such
as high salinity, low or high temperatures, heavy metals, dehydration, and low levels of
oxygen, by undergoing various changes in gene expression. Changes in gene expression
due to internal or external factors, coupled with interactions of genes, are the ultimate
determinants of plant growth and development. As such the changes in gene expression
and their interaction are complex processes that stretch from the activation of
transcription to the synthesis of a protein – translation.
Studies of the responses to different stress and developmental signals have
provided a wealth of information on global translation control in the model plant
Arabidopsis thaliana. Genome-wide analyses of translation state have been published
for plant responses to salt, heat, dehydration and heavy metal stresses, oxygen
deprivation, virus infection, light and sugar levels (BRANCO-PRICE et al. 2008; BRANCO-PRICE
19

et al. 2005; JUNTAWONG and BAILEY-SERRES 2012; KAWAGUCHI et al. 2004; LIU et al. 2012;
MATSUURA et al. 2010; MOELLER et al. 2012; NICOLAI et al. 2006; SORMANI et al. 2011; UEDA
et al. 2012).
The differential repression of translation of mRNAs that encode ribosomal
proteins (RP), in the absence of changes in steady-state mRNA accumulation, was shown
in the analysis of A. thaliana leaves exposed to dehydration stress (KAWAGUCHI et al.
2004). In addition, the translational repression of specific components of the translation
machinery and RP mRNAs has been observed in Arabidopsis-cultured cells during
sucrose starvation (NICOLAI et al. 2006) and exposure to brief periods of elevated
temperature (37°C) and high salinity (200 mM NaCl) (MATSUURA et al. 2010). Similarly,
short (2h) to prolonged (9h or 12h) hypoxia stresses in A. thaliana seedlings have been
shown to result in a significant decrease in polysome association of RP mRNAs without a
concomitant decrease in total transcript abundance (BRANCO-PRICE et al. 2008; BRANCOPRICE et al. 2005). Other mRNA groups also show coordinated regulation in response to
oxygen deprivation, notably mRNAs encoding proteins for cell wall degradation and
biosynthesis, which are repressed at both polysomal and total transcript levels, and
poorly translated, respectively. By contrast, mRNAs encoding proteins involved in
glycolysis and alcoholic fermentation are shown to be efficiently translated in response
to exposure to oxygen deprivation (BRANCO-PRICE et al. 2008).
While a group of RP mRNAs are described to be stimulated at both polysomal
and total transcript levels, other RP mRNAs are only stimulated at the translation level
without a concomitant change in total mRNA abundance in Arabidopsis-cultured cells
20

subjected to sublethal cadmium stress (SORMANI et al. 2011). In a similar way, in
response to oxygen deprivation, a small group of abiotic and biotic stress-induced
mRNAs also showed a significant increase in polysome association, with no change in
total transcript abundance (BRANCO-PRICE et al. 2005). On the other hand, RP mRNAs
have been shown to be preferentially translated in response to a 4h light exposure of
etiolated A. thaliana seedlings (LIU et al. 2012). Other examples of rapid repression or
reduction of de novo protein synthesis of mRNAs, such as those encoding chloroplast
proteins and peptidase inhibitors in response to biotic stress, infection by Turnip mosaic
virus (TuMV), have recently been published (MOELLER et al. 2012). These and other
published results evidently show that plants respond to environmental stresses through
translation control, and how such global regulation of mRNAs can be revealed by the
use of high throughput techniques including DNA microarray analyses.

1.3 Global analysis of translation by DNA microarrays
1.3.1 DNA microarrays
As the studies listed before indicate much has been learned about plant
responses to their environment through the use of gene expression profiling techniques.
Most notable among these techniques is the use of high-density DNA oligonucleotide
microarrays. Studies with DNA microarrays have been used to describe various
adaptations of plants to their environment and have led to informed hypotheses on the
function of differentially expressed genes or classes of genes.
DNA microarray technology is a powerful tool to detect and quantify tens of
thousands of mRNAs at a time. By using this technique, genome-wide translation states
21

of many mRNAs can be monitored simultaneously. However, due to uncontrolled
variables introduced in each step up to the analysis of the data, the statistical power of
interpretation of biological results is not as robust as we might wish. This calls for
careful selection of statistical tools and algorithms so as to increase the power of
biological inference.
In plants, polysome loading analyses have revealed changes in specific mRNA
translation during several environmental stimuli including oxygen deprivation (FENNOY et
al. 1997), light/dark transitions (HANSEN et al. 2001), heat and salt stress (HUA et al.
2001), water stress (KAWAGUCHI 2003), or nutrient availability (KIM et al. 2004; WIESE et
al. 2004). These studies revealed cis-acting elements involved in regulating the
translation after individual stimuli, such as a short open reading frame in the 5′untranslated region (5’-UTR) of bZIP transcription factors. On the other hand, genomewide polysome loading analyses further revealed the dynamic status of mRNA
translation as part of the stress tolerance response to one or more environmental
stimuli, and the selective and coordinated translation of functionally or structurally
defined sets of mRNAs.
1.3.2 Microarray analysis of polysomal mRNAs
The measurement of total mRNA in DNA microarray experiments does not firmly
predict protein expression when mRNA species with high abundance are not well
translated or those with low abundance are highly translated. Unless there is a way to
monitor a one to one correspondence of mRNA abundance to association of mRNA
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species to one or more ribosomes (polyribosomes or polysomes), total transcript data
do not reflect gene expression levels.
The change in mRNA translation efficiency, i.e. the change in the number of
protein products synthesized per mRNA molecule per unit time, defines translation
control (MATHEWS 2007). Under steady-state conditions, the rate of initiation events
approximates the number of protein molecules produced during the same interval,
leading to the conclusion that the initiation rate of mRNA determines the rate of
synthesis of a given protein (MATHEWS 2007; SONENBERG and HINNEBUSCH 2007). If one
assumes that the rate of elongation, estimated at 5.6 codons per second (INGOLIA et al.
2011), is approximately uniform across all mRNAs, then the ribosome density on an
mRNA is a robust indicator of translational efficiency. Moreover, ribosome loading of
the mRNA should be considered together with mRNA abundance when estimating gene
expression. Ribosome loading and ribosome density can be experimentally assessed by
fractionating mRNAs on sucrose density gradients according to the number of
ribosomes on the mRNA (Fig. 1.3). By comparing the distribution of specific mRNAs
across polysome gradients, we get a better understanding of changes in translational
efficiency and the regulation of this process by eIFs, auxiliary proteins, and
environmental conditions.
Oligonucleotide DNA microarrays can monitor genome-wide changes in
translation by comparing the levels of polysomal (PL) and free or non-polysomal (NP)
mRNAs from sucrose-gradient fractionated plant mRNAs in wild-type and the respective
mutants, or treated and control samples. Sucrose-gradient fractionation of mRNAs is
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based on the fact that the actively translated mRNAs are associated with multiple
ribosomes and therefore travel farther down the gradient than untranslated mRNAs. As
described in (KIM et al. 2007), and shown in Fig. 1.3, the translation state [TL] can be
computed as the ratio of the signal intensity between PL and NP samples (TL = PL/NP).
Expressed as log2 transformed data, a positive value under the given genotype indicates
that more transcripts are associated with polysomes, and a negative value indicates that
more transcripts are in a ribosome-free state. To compare the effect of a specific
translation factor or environmental condition on translation, we calculate the ratio of
[TL] between the wild-type and the respective mutant, or treated and control samples.
Likewise expressed as log2 transformed data (og2[TL]), a positive value indicates that
polysome loading of the client mRNA is higher in the mutant than in the wild-type, and
vice versa.
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Figure 1.3 The isolation of mRNA fractions by sucrose-density-gradient centrifugation
and their detection in DNA microarray analysis.
Every mRNA subjected to sucrose-gradient fractionation yields ribosome-free mRNA or
mRNA with one ribosome (non-polysome, NP fraction) and RNA with multiple ribosomes
(polyribosome, PL fraction). The middle panel shows gel electrophoresis and
visualization of ribosomal RNAs. Note the enrichment of 18S rRNA (40S) in fraction 3,
which indicates successful fractionation. Pools of mRNA fractions for NP and PL are
separated, hybridized to Arabidopsis Affymetrix GeneChips and analyzed for translation
states in individual genes (lower panel).
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2. CHAPTER II. Estimates of translation states from microarray
data are algorithm dependent
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2.1 Abstract
The accurate detection of differentially expressed genes is basic to our
understanding of biologically meaningful inferences from DNA microarray analysis of
gene expression. The key in detection of differentially expressed genes lies in the
selection of a normalization method and statistical testing for significant differences
between measured values, but the same method may not be best for all gene
expression studies. While there is a strong consensus in favor of using detection calls in
microarray analyses, the normalization methods and statistical tests need to be
optimized to identify those that are the most effective. First, I compared three different
normalization methods (MAS5, RMA and gcRMA) on data for absolute translation state
(log2 [TL]) from wild-type samples, and on changes in translation state (log2 [TL]). For
absolute translation states, the highest variations between biological replicates were
observed in MAS5-normalized data (STDEV > 0.5 for log2 [TL] comparison in 50% of the
genes). For differences in translation states (log2 [TL]), gcRMA normalization gave 1.5
to 7-fold more genes with high variability (STDEV > 1) compared to RMA. Further, RMAnormalization resulted in 1.5 to three times as many differentially translated genes
(DTGs) in the mutant datasets compared to gcRMA and MAS5. In previously published
hypoxia experiments, RMA also performed better when followed by the traditional
statistical test limma/FDR, while MAS5 gave a higher estimate of DTGs when combined
with an ‘ad hoc’ filtering test (KIM et al. 2007). Second, filtering of genes against ‘absent’
calls provided a statistical power as robust as filtering against genes with low expression
of total transcripts or filtering for any change in translation state. Third, I compared
translation levels between 12 bona fide 'identical' wild-type replicates; among these,
20% of mRNAs have highly stochastic translation states, 1.5-times higher standard
deviation (STDEV) than the median STDEV. Interestingly, 15% of these genes belong to
functional annotations related to response of the plant to abiotic environment. I asked
whether excluding these inherently variable genes from the global analysis would
increase the statistical power for identifying DTGs. However, filtering of genes variable
translation state in the-wild-type increased the percent of DTGs and but not the number
of genes with differential translation state. In conclusion, optimizing the normalization
method, and filtering against ‘absent’ calls and against variability of translation state in
the wild-type samples adds statistical power in the estimation of translation states from
microarray data.

2.2 Introduction
The goal of high-density oligonucleotide microarrays is to find expression
differences in mRNA samples in response to changes in treatments or genetic
differences. For example, highly expressed genes or sets of genes could be resulting
from differential expression in response to a certain stress. Such variations in gene
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expression are biologically meaningful and are thus considered ‘interesting variations’.
However, there are other observed variations introduced during sample preparation,
synthesis and processing of arrays and define ‘obscuring variations’ (BOLSTAD et al. 2003;
HARTEMINK et al. 2001). These second sets of variations cause different effects in the
extraction of raw signal data and lead to misleading results in comparison of processed
data in multi-level arrays.
The first step in DNA microarray analysis is the selection of optimized methods
for extracting and processing of signal intensities from hybridized samples. Extraction of
data involves the removal of background noise from signal intensity by transformation,
additional steps of normalizing background corrected data, and fitting a linear model for
each probe set [reviewed in (IRIZARRY et al. 2003b; WU 2009; WU and IRIZARRY 2005)].
Normalization is an essential process in the analysis of DNA microarrays to compare
data from hybridization signal intensities of arrays (SCHADT et al. 2001). It helps
compensate for technical variations that arise in the steps from sample preparation to
reading of signal intensities through the use of internal controls. Technical variations
can be attributed to the efficiency of RNA extraction, reverse transcription, labeling,
scanning and spot detection. The small differences in RNA quantities and fluctuations
generated by the technique are unrelated to the expression of individual genes and
result in variable intensity levels in replicates of the same sample and among arrays of
different samples requiring data normalization.
Once signal data are normalized, summarized signal outputs are presented as
log-transformed or raw, and the choice of the scale depends on the type of microarray
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platforms and the normalization algorithm. Depending on the platform, signal values
could be summarized in the scale of log2, such as for the single channel GeneChip®
Arabidopsis ATH1 Genome Array or log10 as in Agilent Arabidopsis 3 Oligo Microarrays.
Among the most commonly used methods of normalization is the Affymetrix Microarray
Suite 5 method [MAS5.0,(AFFYMETRIX 2002)], which only gives background-corrected,
normalized but unlogged signal values. In contrast, other common methods, such as the
Robust Multi-array Analysis with [gcRMA,(WU and IRIZARRY 2004)] and without
[RMA,(IRIZARRY et al. 2003a)] correction for GC content of the oligonucleotides,
transform signal data into log2 values.
The key feature in Affymetrix gene expression assays is that each transcript is
assessed by a set of eleven 25-mer oligonucleotide probe pairs, a Perfect Match (PM)
probe and a Mismatch (MM) probe. The MM probe is identical to the PM with the
exception that there is a mismatch nucleotide at position 13, i.e., the center position of
the oligonucleotide (AFFYMETRIX 2002). In MAS5, background is estimated as a weighted
average of the lowest 2% feature intensities, the signal per oligonucleotide probe is
calculated as log(PM/MM), and the signal intensity for each probe set is summarized by
calculating the anti‐log of a robust average (Tukey biweight) of the signals from each
probe (AFFYMETRIX 2002; HUBBELL ET AL. 2002). However, subtraction of MM values from
PM values has been shown to result in extra noise and thus an increase in variation at
low signal intensities, causing high rates of false positives (IRIZARRY et al. 2003b). To
overcome this problem, alternative methods, such as RMA and gcRMA, have been
proposed which only take PM values to calculate and summarize signal intensity (S)
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values. Based on the analyses of ‘spike in’ datasets, it has been shown that RMA reduces
the variance of low abundance transcripts enabling one to better distinguish the
differentially expressed genes from those that remain unchanged. RMA corrects for
background noise by fitting two distributions for the entire intensity, mixed exponential
and normal distributions, where the exponential part represents the expressed gene
intensities (S) and the normal part represents the background noise. (COPE et al. 2004;
IRIZARRY et al. 2003a; IRIZARRY et al. 2003b). gcRMA, a variant of RMA, takes into account
the GC content of each of the probe sequences and adjusts for background noise by
removing non-specific binding (NSB) from each probe set after estimating binding
efficiency from intensity-summaries (S) created across all probe sets and reducing
readouts from GC-rich probes (WU and IRIZARRY 2004; WU and IRIZARRY 2005). A summary
of each method is presented in Table 2.1.

30

Each of the three normalization methods can alternatively be applied in data
pre-processing. MAS5 and RMA have been used to process most of the Affymetrix
Arabidopsis polysome microarray raw data (BRANCO-PRICE et al. 2008; BRANCO-PRICE et al.
2005; JUNTAWONG and BAILEY-SERRES 2012; KAWAGUCHI and BAILEY-SERRES 2005; KAWAGUCHI
et al. 2004; KIM et al. 2007; LIU et al. 2012; MOELLER et al. 2012; MUSTROPH et al. 2009).
However, there is no ‘gold standard’, and no certain way to predict which method is
most appropriate. Moreover, downstream analyses of microarrays are influenced by the
method of normalization (LIM et al. 2007). Thus, it is important to compare and contrast
available normalization algorithms. The decision which one to use could be based on
validation of the data by an independent technique, or in the absence of such data,
based on the statistical power of each method. Here, I analyzed changes in translation
states of sucrose-fractionated polysomal and non-polysomal mRNAs between mutants
(eif3h, eif3k, rpl24b or pab2;pab8) and wild-type samples. Based on different levels of
comparison, we find that RMA normalization, removal of genes with a high variability of
translation state (log2 [PL/NP]) in the wild-type, and filtering of genes for statistical
difference (false discovery rate, FDR), provides a robust mechanism for identifying
differentially translated genes (DTGs). Moreover, a set of filtering criteria that was
previously used in the analysis of the eif3h mutant polysomal dataset (KIM et al. 2007)
can increase the statistical power of identifying DTGs in some of the datasets, notably
MAS5 normalized data of eif3h and pab2;pab8. On the other hand, none of the three
normalization methods identified any differentially translated genes in the eif3k dataset.
In parallel, I looked for changes in total transcripts between each mutant and wild-type
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and found that RMA identified the highest number of mRNAs affected by mutations in
rpl24b and eif3h.

2.3 Materials and Methods
2.3.1 Sample preparation for polysomal and total mRNAs
Samples for the wild-type and the mutant genotypes of rpl24b, eIF3h, eIF3k and
pab2;pab8 were collected from 11-day old light-grown aerial tissues of A. thaliana and
subjected to sucrose-gradient fractionation to generate two fractions of mRNAs: nonpolysomal fraction (free and monosomal, [NP]) and polysomal fraction [PL]. Samples for
total transcript were also collected for the respective mutant and wild-type genotypes.
At least two biological replicates were prepared for each dataset, both wild-type and
mutant, and hybridized to GeneChip® Arabidopsis ATH1 Genome Array, which contains
more than 22,500 probe sets representing approximately 24,000 genes. The
experiments were performed by Dr. Byung-Hoon Kim and Dr. Julia Gouffon essentially as
described (KIM et al. 2007).
2.3.2 Data extraction and summarization
Raw signal intensities for each probe set were extracted from CEL files
(Affymetrix proprietary data format) using the open source statistical tool
R/Bioconductor (http://www.r-project.org/, version 2.13.2, released on 09/30/2011),
and the affy package (WETTENHALL et al. 2006), which summarizes signal intensities to
form one expression measure (eset) for each gene (probe sets). For each dataset, three
background-correction and normalization methods were used to create expression data
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(eset) for higher level analyses (Table 2.1). Next, two steps were followed to analyze the
changes in mRNA translation due to genotypes, mutant (mut) and wild-type (WT).
Translation states [TL] were first calculated from the log 2 ratio between [PL] and [NP] as
[TL] = log2 [PL]/[NP] for mutant and wild-type samples, and the difference between
these [TL] values of respective mutant and wild-type gives the changes in translation
state, Δ[TL] = log2 [TL]mut/[TL]WT.
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Table 2.1 Common methods used in the extraction and summarization of singlechannel microarray data.
Modified from (QIN et al. 2006).
Method
RMA
gcRMA
MAS5

Background correction
Array background
By GC content
Regional adjustment

Normalization
Quantile normalization
Quantile normalization
Scaling by constant
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Probe Set summary
Robust fit linear model
Robust fit linear model
Tukey biweight average

2.3.3 Normalization and gene filtering methods
First, expression values were extracted from the hybridization signals contained
in the Affymetrix CEL files using MAS5, RMA, or gcRMA as the normalization method.
Second, each probe set (gene) was given a quality score of Present (P), Marginal
(M), or Absent (A), using the mas5calls function of the MAS5 algorithm (AFFYMETRIX
2002). The P, M, or A score was stored together with the expression value for the gene.
Genes were filtered out if they do not show ‘P’ and/or ‘M’ calls in at least of 50% of the
arrays of each dataset (n = 8 to 16). Third, normalized expression data from polysome
(PL) and non-polysome (NP) samples were used to calculate translation state [TL] values,
while total transcript data (TC) were left unchanged. Fourth, data from the biological
replicates were combined to calculate averages (AVE) and standard deviations (STDEV).
In our experiments, there were between two and four replicates. Fifth, differences in
gene expression values between mutant and wild-type plants were calculated and
evaluated using two alternative methods. The first method (limma/FDR) utilizes the
standard limma package (linear models for microarray data)(SMYTH 2005), combined
with a standard false-discovery rate criterion (FDR) to correct for multiple comparisons
[BH method, (BENJAMINI 1995)]. The typical FDR cutoff was 5%. The second method [’ad
hoc’ filtering, (KIM et al. 2007)] simply examines the replicates for their fold-change
between mutant and wild-type, as well as the coefficient of variation (CV) thereof.
Genes were selected based on any one of three criteria; (i) a fold change of more than 2
fold (log2 >1.0) in all replicates; (ii) any fold change (as log2) with a CV of less than 50%;
(iii) any fold change (as log2) with a STDEV of less than 0.5. These five steps were used in
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various combinations. For example, one might have extracted data using RMA, applied a
filter against absent calls (P/M only) and utilized the ‘ad hoc’ filtering method. A sixth
step was introduced to filter out transcripts that proved to have highly variable
translation states. These were identified by calculating the translation state of all genes
from each of twelve biological replicates of wild-type seedlings under bona fide identical
experimental conditions. If the standard deviation of the translation state was above 0.5
(20% of all transcripts), the gene was flagged as highly variable. An example (Fig. 2.1A,B)
is shown on how genes with variable translation states were filtered out. Schematic of
all these steps is shown in Appendix 2.1.
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Figure 2.1 Frequency distribution of genes according to the standard deviation of their
translation state or transcript levels in wild-type Arabidopsis seedlings.
(A – B) Translation states of mRNAs (log2 [PL]/[NP]) were calculated from 12 biological
replicates of wild-type seedlings (Columbia ecotype). These WT samples were the
reference samples from four mutant experiments (rpl24b, eif3h, eif3k and pab2;pab8)
with two to four biological replicates each. Genes were binned according to the
standard deviations (STDEV) of their translation state for all replicates (A) and average
translation states from four WT reference datasets (B). (C) Genes were binned according
to the STDEV of total transcript levels of mRNAs (log2 [TC]) calculated from 11 biological
replicates of wild-type seedlings (Columbia ecotype). The WT reference samples are
from the same experiments as in (A) and with two to three biological replicates each.
Only data for the individual replicates is shown. Blue, green, and red segments denote
highly stable, moderately stable, and highly variable translation states (A, B) or
transcript levels (C) across the WT samples. All: all Arabidopsis genes (n = 22,746); P/M:
genes with no ‘A’ calls in all arrays. (D) Scatter plots showing distribution of STDEV from
translation states and transcript levels for all replicates and average of datasets.

2.4 Results and Discussion
2.4.1 Normalization-dependent variability in absolute or change in translation state
Wild-type samples grown under identical conditions are expected to show very
low variation in expression of genes, whether at the translation state or the total
transcript level. To identify which normalization algorithm performs best, we examined
the standard deviations of replicated (n = 4) translation state (TL) data for wild-type
reference samples drawn from the pab2;pab8 dataset. After RMA normalization, 97% (n
= 22,010) of the genes showed low variations (STDEV < 0.5) of log2 [TL] values between
replicates (Fig. 2.2B). After gcRMA normalization, the number of genes with low
variation was slightly reduced (88% or 20,095). On the other hand, after MAS5
normalization, less than half of the genes (47% or 10,644) showed low variability (STDEV
< 0.5). Similar observations were made with mutant samples drawn from the same
dataset, where the number of genes with low variability was highest after RMA
normalization (93% or 21,050) but lowest after MAS5 normalization (47% or 10,666)
(data not shown). Reference samples (nonstress or mock treatment) taken from hypoxia
and TuMV infection datasets also showed similar distributions with RMA consistently
giving lower variability (STDEV < 0.5) of log2 [TL] values between replicates (data not
shown). Taken together, these results show that variations in translation state values for
wild-type (or other reference) data are affected by the choice of normalization method.
MAS5 normalization performed less well and RMA performed the best.
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Figure 2.2 Normalization-dependent variation in translation states of wild-type
samples.
(A) Averages of translation states (log2 [PL]/[NP]) were calculated for four replicates of
wild-type reference samples drawn from pab2;pab8 mutant experiment. (B) Genes were
binned according to the standard deviations (STDEV) of their translation state. All
Arabidopsis genes (n=22,746) represented on GeneChip® Arabidopsis ATH1 Genome
Array are analyzed.
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The observation that wild-type translation state data are affected by the
normalization algorithm can also be extended to changes in translation states (Δlog 2
[TL]) between mutant and wild-type, or stress and control treatment samples, and the
number of genes identified with two-fold change in translation state (‘responding
genes’). All the three normalization methods, RMA, gcRMA and MAS5, were applied to
the datasets that compared the translation state of wild-type to the mutants rpl24b,
eif3h, and pab2;pab8. For the sake of a more representative survey, I extended our
mutant datasets with published datasets that analyze responses of plants to 2h or 9h
hypoxia stress (BRANCO-PRICE et al. 2008), and to turnip mosaic virus (TuMV) infection
(MOELLER et al. 2012). The latter data were retrieved from the Gene Expression Omnibus
database (http://www.ncbi.nlm.nih.gov/geo/) and re-extracted, and included in the
analysis of algorithm-dependent variation of ‘responding genes’. Regardless of whether
RMA or gcRMA was used for normalization, there was generally good concordance
between the genotype or treatment effects on average translation states (Fig. 2.3).
gcRMA typically yielded slightly larger fold-differences in translation state than RMA.
The only exception occurred in the pab2; pab8 mutant. In this mutant, very few genes
show two-fold change in translation state over wild-type and the genes so identified
were different between RMA and gcRMA. The reasons for this are unclear.
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A

B

Figure 2.3 Concordance in fold-changes of translation states between RMA- and
gcRMA-normalized data.
Data on changes in translation states (Δlog2 [TL]) normalized by RMA (x-axes) are
generally correlated with corresponding gcRMA data (y-axes). Normalized data are
shown for comparison between mutant and wild-type (A) or stress and control (B)
treatments. Pearson correlation coefficients R2 values were determined between the
two normalization methods for all A. thaliana genes represented on GeneChip®
Arabidopsis ATH1 Genome Array (n=22,746). Dashed lines represent two-fold changes
for each comparison between the respective mutant (stress) sample and wild-type
(control) in upward (red) or downward (blue) direction, respectively.
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Even though gcRMA recovers larger fold-changes in translation states than RMA,
gcRMA is not necessarily a preferred method, because the variation in the data is
generally higher with gcRMA than RMA (data not shown). Comparisons among two of
the normalization algorithms showed that 57 to 1031 (0.25 to 4.53%) genes have higher
variations (STDEV > 1) in Δlog2 [TL] values on RMA-normalized data for the datasets
rpl24b, eif3h, eif3k and pab2;pab8 (Table 2.2). In contrast, the proportion of genes with
variable Δlog2 [TL] (STDEV > 1) across replicates was increased in all datasets on gcRMAnormalized data (228 or 1% to 1974 or 9%). Thus, these results further bolster the
observation that identification of ‘responding genes’ is dependent on the choice of
normalization method. Notably, RMA normalization provides a relatively better method
to process genotype profiling studies.
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Table 2.2. Proportion of genes with higher variability (STDEV > 1) of changes in
translation states (TL).
Numbers (%) are for all Arabidopsis genes (n=22,746) represented on GeneChip® ATH1
Genome Array in each comparison for the respective datasets. See text for detail.
Normalization methods

Datasets
rpl24b

eif3h

eif3k

pab2;pab8

RMA

149 (0.66%)

166 (0.73%)

1031 (4.53%)

57 (0.25%)

gcRMA

228 (1.00%)

1139 (5.00%)

1974 (8.68%)

392 (1.72%)

MAS5

8037 (35.33%)

6383 (28.06%)

11281 (49.60%)

9348 (41.09%)
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2.4.2 Normalization dependent variability in differentially translated genes
Since the variability tests above are made in the absence of a direct
measurement for significance (test statistics), we systematically evaluated the three
normalization methods based on the number of genes detected as differentially
expressed using a given test statistics. Systematic methods that evaluate performances
of processing methods have mainly been performed with ‘spike in’ experiments, [e.g.
(IRIZARRY et al. 2003b; SHEDDEN et al. 2005)]. In one of these experiments on disease
profiling datasets (SHEDDEN et al. 2005), gcRMA and MAS5 were found to be inferior in
their sensitivity to detect differentially expressed genes (DEGs). Such results were based
on two key statistical parameters: the number of false-positives for non-differentially
expressed genes (nDEGs), and test statistic size for truly DEGs. However, such external
‘spike ins’ pose a drawback as they can introduce non-biological variations (e.g. in
hybridization efficiencies) and they require extensive preparation to select nondifferentially expressed genes (nDEGs) for ideal normalization features [reviewed in
(CHUA et al. 2006; HARR and SCHLOTTERER 2006)].
Using more stringent to relaxed FDR cutoffs (0.05 to 0.5), the three
normalization methods (RMA, gcRMA and MAS5) were then tested on four datasets that
compare fold-change differences in translation state of the mutants rpl24b, eif3h, pab2;
pab8, and eif3k over wild-type samples. As shown in Table 2.3, RMA typically discovered
the largest number of differentially translated genes (DTGs) at the FDR <0.05 level. As
for the alternative methods, gcRMA and RMA yielded approximately similar numbers of
DTGs in the hypoxia experiments, but gcRMA yielded fewer DTGs in the three mutants.
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Table 2.3. Number of differentially translated genes (DTGs) identified with different
FDR cutoffs.
Signal intensity data for each datasets were extracted and normalized by the given
method (RMA, gcRMA or MAS5). The numbers of genes with false-discovery rate (FDR)
values below a given cutoff for changes in translation states between wild-type and
mutant or stress and control treatments are indicated. No Present/Absent call filter was
applied. Genes with at least a two-fold change in translation state (|log2 ΔTL| >1) are
included.
FDR cutoff

0.05

0.1

0.2

0.3

0.4

0.5

rpl24b
RMA

138

163

174

177

178

179

gcRMA

49

130

288

362

405

432

MAS5

0

0

0

0

51

163

eif3h
RMA

143

424

506

530

539

546

gcRMA

0

50

223

494

861

1139

MAS5

0

0

0

0

0

0

pab2;pab8
RMA

6

8

11

13

17

19

gcRMA

4

4

10

19

28

39

MAS5

0

0

0

0

0

0

2h hypoxia
RMA

6067

6067

6067

6067

6067

6067

gcRMA

5834

6089

6180

6190

6193

6194

MAS5

4184

5399

6629

7379

7996

8510

9h hypoxia
RMA

10522

10868

10869

10869

10869

10869

gcRMA

8442

9139

9449

9495

9505

9507

MAS5

8838

10253

10253

10442

10442

10442
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The 2h and 9h hypoxia datasets have unusually robust translational responses
with excellent reproducibility [(BRANCO-PRICE et al. 2008); data not shown]. Meanwhile,
MAS5 normalized data were generally unsuitable to identify DTGs using stringent
statistical testing with FDR <0.05 for the mutant datasets but only when the FDR
threshold is relaxed to <0.4 (rpl24b; Table 2.3). The performance of RMA in the
identification of DTGs was also best at other, equally arbitrary, but relaxed FDR
thresholds, such as <0.1 for 2h hypoxia, 0.2 for rpl24b, 0.3 for pab2;pab8 and 0.4 for
eif3h datasets, confirming that RMA is the more robust normalization technique for
translation state data. On the other hand, MAS5 was the least likely choice as it only
yielded the largest number of differentially translated genes at FDR < 0.3 for 2h hypoxia
dataset.
Independently of a specific FDR cutoff, if one compares the fold-change in
translation state as derived from RMA and gcRMA, gcRMA generally yields slightly larger
fold-changes than RMA, but also higher variance between replicates (data not shown).
The higher variance with gcRMA may be responsible for the reduced recovery of DTGs
when an FDR filter is applied. To investigate this further, fold-differences of the
genotype effects were plotted against their FDR-adjusted P-values using volcano plots
(Fig. 2.4). Indeed, RMA generally yielded a clear correlation between higher fold
changes and stronger p-values. Meanwhile, with gcRMA, fairly robust fold-differences
often earned poor P-values, while fairly weak fold-changes occasionally earned strong Pvalues. Taken together, these findings suggest that RMA is more successful than gcRMA
in detecting non-random patterns in the data.
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A

B

Figure 2.4 Comparison for number of differentially translated genes between RMAand gcRMA-normalized data.
Changes in translation state (Δlog2 [TL]) of RMA-normalized (A) and gcRMA-normalized
(B) data for rpl24b, eif3h and pab2;pab8 datasets. Values on the x-axes show the fold
changes in translation state in the respective mutant over wild-type samples. Statistical
significance of these changes were computed using limma adjusted p-values (FDR), -log
transformed and plotted on the y-axes (‘volcano plot’). Horizontal dashed lines show an
FDR <0.05 (-log value 1.3) cut-off values. The vertical dashed lines delineate two-fold
changes (-1 < Δlog2 [TL] <1) in upward (red) or downward (blue) directions. The numbers
of genes (n) are the same as in Fig. 2.3.
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I also compared the recovery of DTGs obtained from limma/FDR with the
recovery using an ‘ad hoc’ method, which simply filters genes based on a large fold
change or a low coefficient of variation or a low standard deviation between replicates
[Appendix 2.1; (KIM et al. 2007)]. Accordingly, RMA normalization followed by limma
/FDR<0.05 prefiltering recovered half as many differentially translated genes (DTGs)
from eif3h dataset than the ‘ad hoc’ method identifies (Fig. 2.5). Moreover, no DTGs
were identified after limma/FDR<0.05 prefiltering in gcRMA- and MAS5-normalized data
of eif3h while ‘ad hoc’ prefiltering yielded 1,168 to 2,349 DTGs with gcRMA or MAS5
normalization, respectively. However, comparable numbers of DTGs have been
identified in rpl24b dataset after screening genes by limma/FDR<0.05 or the ‘ad hoc’
method with RMA normalization but not with gcRMA or MAS5. The level of overlap of
DTGs identified was variable between ‘ad hoc’ and limma/FDR<0.05 prefiltering, 90 to
97% or 14 to 100% with RMA or gcRMA normalization, respectively. In the pab2; pab8
dataset, large number of DTGs were only identified with MAS5-’ad hoc’ combinations,
and limma-RMA or gcRMA combination methods yielded a smaller set of DTGs with low
level of overlap with ‘ad hoc’-RMA or gcRMA combinations. These results, therefore,
suggest that RMA combined with gene filtering by limma FDR cut-off (FDR <0.05) or
MAS5 followed by ‘ad hoc’ screening of genes provide a favorable algorithm for
identifying genes with response at translation level in comparison of mutant with wildtype samples.
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Figure 2.5 Comparison of overlaps in differentially translated genes between three
normalization and two prefiltering and methods.
Venn diagrams showing the number of differentially translated genes (DTGs) identified
following RMA, gcRMA or MAS5 normalization, and after prefiltering of genes with twofold change between mutant (or stress) and wild-type (or control) using limma (FDR
<0.05) or ’ad hoc’ methods. Data are for changes in translation state as Δ[TL] = log2
[PL/NP] or Δ[TL] for rpl24b, eif3h and pab2;pab8 or Δ[TL] = log2 [PL/Total] for 2h or 9h
hypoxia stress (BRANCO-PRICE et al. 2008) and Turnip mosaic virus (TuMV) infection
(MOELLER et al. 2012). All Arabidopsis genes (n=22,746) represented on GeneChip®
Arabidopsis ATH1 Genome Array are analyzed. Solid lines: limma; dashed lines: ’ad hoc’.
Ellipses are not drawn to scale.
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Since the number of datasets analyzed was small, I tested if similar prefiltering
and normalization-dependent variations also apply in other datasets. For the two
hypoxia datasets, RMA with limma/FDR<0.05 or ‘ad hoc’ prefiltering yielded 1,822 to
2,778 more DTGs than gcRMA or MAS5 combined with either of the two prefiltering
methods (Fig. 2.5). Moreover, the level of overlap for DTGs that were affected by
hypoxia stress was as high as 97 to 100% for RMA-limma/FDR<0.05 and RMA-’ad hoc’,
while both limma/FDR<0.05 and ‘ad hoc’ prefiltering methods identified 82 to 99%
overlapping DTGs with gcRMA or MAS5 normalization. Interestingly, gcRMA and MAS5
with either of the prefiltering methods lacked consistency in the two datasets as 625 to
1,650 more DTGs were identified with gcRMA than MAS5 in the 2h hypoxia dataset,
while MAS5 gave 142 to 1,102 more DTGs than gcRMA in the 9h hypoxia dataset. These
results further confirm that RMA is best suited for the identification of genes responding
to changes in translation state with detection of significant changes performed by either
limma/FDR<0.05 or ‘ad hoc’ prefiltering methods. Moreover, the low level of overlap
between

limma/FDR<0.05

and ‘ad hoc’ prefiltering recovered DTGs after MAS5

normalization could potentially show that MAS5 algorithm performs better when less
stringent prefiltering mechanisms are applied. Taken together, RMA normalization
outperforms in the identification and analysis of datasets with relatively small to
medium sets of responding genes.
2.4.3 Effect of absent call filtering on identification of DTGs
MAS5 algorithm provides detection calls for each probe set (gene) and assigns Pvalue scores based on Wilcoxon’s signed-rank test (LIU et al. 2002). According to this
50

test, two user-defined significance levels (α1 and α2) are used to flag probe sets with
present (’P’) calls (detection P-value < α1), marginal (‘M’) calls (α1 < detection P-value <
α2) or absent (’A’) calls (detection P-value > α2). Using these calls, we can filter genes
from the ‘All’ gene set for ‘A’ calls, thus generating a second gene set, ‘P/M’, with solid
evidence for mRNA expression.
Previous analysis showed that RMA normalization with limma/FDR<0.05 and
MAS5 normalization with ’ad hoc’ prefiltering (KIM et al. 2007) are favorable in
microarray analysis of changes in translation states. Moreover, these preliminary
experiments yielded differentially translated genes in the order of 9h hypoxia > 2h
hypoxia > eif3h > rpl24b > pab2;pab8 > eif3k. However, all of these differentially
translated genes were identified from the ‘All’ gene set (n = 22,746) without considering
the effect of detection calls on statistical power. By reducing the total number of genes
that are being examined for translational regulation, one reduces the number of
multiple comparisons that need to be made, which in turn increases the statistical
power when the statistical test corrects for multiple comparisons. Thus, I reduced the
number of genes in the ‘All’ set with three types of alternative filtering (Table 2.4).
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Table 2.4. Size of gene sets by filtering criteria.
All: all Arabidopsis genes (n=22,746) represented on GeneChip® ATH1 Genome Array.
P/M: all genes detected with no ‘A’ calls in at least 50% of arrays (n = 8 to 16). The other
gene sets are created by filtering genes from ‘All’ set with certain criteria. ‘All – TL
variable’ and ‘P/M – TL variable’ gene sets are derived by omitting genes with highly
variable (~1.5x STDEV above the median STDEV of the ‘All’ or ‘P/M’ set) translation state
in the wild-type. All, |log2 ΔTL| >0.3 (shortened as ΔTL >0.3): genes with ~1.2-fold (20.3)
change in translation state. All, log2 [TC] > 7.5 (shortened as [TC] >7.5): genes with high
expression of total mRNA transcripts in the wild-type (nonstress) conditions. The gene
sets are grouped based on the normalization method (RMA or gcRMA) used to process
signal intensity data.
Gene sets

Datasets
rpl24b

eif3h

pab2;pab8

2h hypoxia

9h hypoxia

RMA
All

22746

22746

22746

22746

22746

4717

4717

4717

4717

4717

13380

8829

13316

14281

13011

P/M - TL variable

1056

1056

1056

1056

1056

ΔTL > 0.3

6128

7784

4477

20620

21205

TC > 7.5

4414

4281

6926

5457

4681

22746

22746

22746

All - TL variable
P/M

gcRMA
All
All- TL variable

22746

22746

6016

6016

6016

6016

6016

13380

8829

13316

14281

13011

P/M - TL variable

1071

1071

1071

1071

1071

ΔTL > 0.3

6101

9347

4780

20019

20694

TC > 7.5

4386

3972

6355

5524

5073

P/M
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In the first filter, I removed all genes that had above a certain number of ‘A’ calls
across a dataset, which usually indicates near background expression signals that can be
noisy (‘P/M’ set). Second, I eliminated mRNAs that are poorly expressed in the total
transcript (TC) samples in the wild-type or nonstress states (log2 [TC] < 7.5; the range
goes from 2 to 15). Third, I eliminated mRNAs with a low change in translation state
(|Δlog2 TL| < 0.3), recognizing the circular argument that this filter entails. These three
filtered gene sets were then examined for the numbers and percentages of differentially
translated genes (DTGs) and compared against the original ‘All’ gene sets. RMA, limma
and FDR <0.05 were applied (Fig. 2.6). In the 2h and 9h hypoxia datasets, the
percentage of DTGs showed no substantial difference among all the three modified
classes (gene sets) (29 to 35%, and 51 to 52%). In the mutant datasets, the prefiltering
produced few clear trends. Compared to the original 'All' gene set, each filter increased
the percentage of DTGs, but the extent of the increase differed between eif3h and
rpl24b. Overall, these results show that filtering of genes against ‘A’ calls (P/M set) can
improve the statistical power just as well as filtering of genes against low expression of
total transcripts or against a low change in translation state.
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Figure 2.6 Comparison of proportion of differentially translated genes from gene sets
classified by detection call, potential translational regulation, or mRNA abundance.
Differentially translated genes were identified using RMA, limma and FDR from mutants
and hypoxia treated samples. Before limma and FDR, the gene sets were prefiltered in a
variety of ways. All, no prefilter. P/M, all mRNAs detected with no ‘absent’ calls in at
least 50% of arrays (n = 8 to 16). |d log2 TL| > 0.3, all genes that have at least a ~1.2-fold
difference in translation state between mutant and wild-type or treated and untreated
samples. log2 [TC] > 7.5, all genes with a high expression of total mRNA transcripts in the
wild-type (nonstress) samples. The percentage of genes with two-fold change in
translation states (|Δlog2 TL| > 1, FDR <0.05) are shown for each class and datasets.
Data for pab2;pab8 mutant is shown on magnified scale (inset). The size of gene sets on
which percentages were calculated is shown in Table 2.4.
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Although the number of experiments examined here is small and may not be
representative of all TL microarrays, it appears that data with a robust global response,
such as the hypoxia data, do not benefit substantially from filtering; the ‘All’ set yields
the most information in this case. On the other hand, data with a more subtle response,
such as the eif3h and rpl24b datasets, benefit from filtering, given that certain genes can
only be identified as DTGs when the number of multiple comparisons is reduced in one
way or the other.
There are three ways of benefiting from this analysis. First, in some cases, one
might simply forgo any filtering and rely on the 'All' set, arguing that the 'All' set may
yield the largest number of DTGs. Second, one might conduct all four analyses in parallel
and keep all the information for use later on. Once the data are ready to be examined
for biological inference, instead of just for statistically validated information content,
one can examine whether the same biological inference can be obtained from each of
the four sets. If so, this would bolster the conclusion; if not it may caution us against a
possibly premature conclusion that requires more evidence. Third, one could consider
to harvest all the DTGs identified in any one of the four methods and carry them on
indiscriminately into the future analysis for biological inference, assuming that each set
was obtained using a valid statistical model. Doing so is legitimate, as long as we
consider that we performed four times the number of tests, i.e. more multiple
comparisons. Therefore one may need to reconsider the FDR-value of the DTGs so
identified.
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2.4.4 Filtering of genes with variable translation state in the wild-type
Data on mRNA translation states can be variable between biological replicates
and the fold differences in translation states between treatment and control tend to be
small. Together, these circumstances limit the statistical power to ascertain differences
in translation state for single genes. In a new attempt to reduce statistical variation, I
examined all genes for the variation in translation state that can be observed between
wild-type samples that were grown under bona fide identical conditions. The rationale is
that samples that show large variation in untreated wild-type are less likely to reveal
statistically significant changes in translation state when comparing untreated and
treated samples. Such ‘TL-variable’ genes could be omitted from downstream analysis,
thus reducing the number of comparisons that need to be accounted for during FDR
analysis and increasing statistical power.
Translation state data were collected from all of twelve bona fide identical wildtype samples that had served as references for our mutant experiments (see Fig. 2.1 for
details). Starting with the unfiltered ‘All’ gene set, the 21% of genes with a high variation
in translation date (STDEV> 0.57) were filtered out (Fig. 2.7). The same filter was also
applied to the ‘P/M set’, i.e. after ‘A’ call filtering, which filtered out 24% of genes. Thus,
‘A’ call genes do not contribute dramatically to the variation in translation state. Similar
filters were also applied to the eleven equivalent transcript level datasets (Fig. 2.1C).

56

Figure 2.7 Average translation state and variability distribution of wild-type samples.
(A) Schematics of boxplots. In each boxplot, 50% of the data occur between the lower
and upper edges of the box, namely, between the first (Q1) and third (Q3) quartiles. The
lower 25% of the data occur below the bottom edge of the box (Q1). Likewise, the upper
25% of the data occur above the top edge of the box (Q3). IQR (interquartile range) =
Q3-Q1. Points above the upper whiskers (> Q3 + 1.5*IQR) and below the lower whiskers
(< Q1 - 1.5* IQR) highlight outliers. (B – C) Boxplots show the distribution of average
translation state (B) and variability (STDEV) in translation state (C) for twelve bona fide
‘identical’ wild-type replicate samples. Variable genes were filtered from two RMAnormalized original gene sets (‘All’, n = 22,746; ‘P/M’, n = 4,442) based on their STDEV
values of absolute translation state (log2 [TL]). The number (n) of non-variable, filtered
(variable), unfiltered (original) ‘All’ and ‘P/M’ sets of genes are indicated. Wild-type
samples are as described in Fig. 2.1.
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Gene ontology (GO) using the DAVID Functional Annotation Tool (HUANG DA et al.
2009) was carried out to examine if genes with highly variable translation state display
some functional bias. Twenty-five GO annotation terms were significantly overrepresented among genes variable in translation state in the ‘All’ gene set (Fig. 2.8A, B,
C), while 12 terms were significantly over-represented in the ‘P/M’ set (Fig. 2.8D). Nine
of these GO terms were significantly over-represented in both sets. The overlap in GO
annotation terms suggest that genes in certain functional terms are biased regardless of
robustness in filtering methods. Interestingly, the most enriched ‘biological process’ was
‘response to abiotic stimulus’. Within this category, many different stimuli and stresses
were represented (Fig. 2.8A). The most enriched ‘cellular compartment’ was the
‘chloroplast’ and multiple compartments such as ‘stroma’ and ‘envelope’, but not
‘thylakoid’, were represented (Fig. 2.8B). Cell wall/apoplast was a distant second. The
most enriched molecular function was ‘nucleotide binding’ (Fig. 2.8C).
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Figure 2.8 Functional annotation of two sample sets for variable translation state in
wild-type genotype.
Pie charts of the result obtained from Gene Ontology (GO) analysis using DAVID
Functional Annotation Tool v6.7 (HUANG DA et al. 2009). Input sample sets were derived
from variable genes in translation state of all the genes represented on GeneChip®
Arabidopsis ATH1 Genome Array (set ‘All’, n = 4,717) (A – C) or those genes flagged for
‘P/M’ calls (n = 1,056) (D). The original sets from which the variable genes were derived
were used as background sets for the respective sample sets: n = 22,746 (set ‘All’) and n
= 4,442 (set ‘P/M’). GO terms, BP: biological process; CC: cellular component; MF:
molecular function. Numbers in parenthesis are FDR values.
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The functional bias towards abiotic stimulus suggests that the variation in
translation state observed in the wild-type is likely a deliberate response of Arabidopsis
to subtle differences in growth conditions. This was the case even though all four
experiments were performed by the same person in the same growth chamber under
essentially identical conditions. Given the diversity of stimuli listed, it is likely that
several different environmental factors are involved. This result is also in keeping with
the notion that many mRNAs that are functionally associated with environmental
plasticity are regulated at the translational level (BRANCO-PRICE et al. 2008; BRANCO-PRICE
et al. 2005; JUNTAWONG and BAILEY-SERRES 2012; KAWAGUCHI et al. 2004; LIU et al. 2012;
MATSUURA et al. 2010; NICOLAI et al. 2006) and that substantial effects on translation
state can occur in response to very subtle (i.e. unintentional) differences in growth
conditions. In summary, when an arbitrary cutoff is used to flag the 20% of genes with
the most variable translation state under bona fide constant growth conditions, the
resulting ‘TL-variable’ gene list contains about 15% of genes with functional annotations
related to abiotic environmental variation.
2.4.5 Effect of applying wild-type ‘TL-variable’ filter to the identification of DTGs
Next, I examined whether omitting ‘TL-variable’ genes from the gene sets to be
searched for differentially translated genes (DTGs) increases statistical power in a pair of
comparison between mutant and wild-type genotypes or stress and control conditions.
First, two more gene sets were created. The ‘All’ and ‘P/M’ gene sets were both filtered
by eliminating ‘TL-variable’ genes, resulting in the gene sets ‘Stable’ and ’Stable and
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P/M’. These gene sets were then compared against the unfiltered (original) gene sets,
‘All’ and ‘P/M’, for change in the numbers of DTGs.
Overall, the ‘TL-variable’ filter did not result in an increase in the number of
DTGs. However, in some experiments the ‘TL-variable’ filter resulted in a slight increase
in the percentage of DTGs (Fig. 2.9). For example, for the 2h and 9h hypoxia
experiments, the ‘TL-variable’ filter resulted in a 9 to 13% increase of DTGs. There was
also a slight increase in the percentage of DTGs from the ‘Stable P/M’ in eif3h dataset
(1.2%) in comparison to ‘P/M’ set, but no change in rpl24b and pab2;pab8 datasets for
similar comparisons. However, for the ‘P/M’ gene sets, the ‘TL-variable’ filter never
increased the percentage of DTGs. In fact, this filter eliminates DTGs by reducing the size
of the gene set.
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Figure 2.9 Comparison of proportion of differentially translated genes from gene sets
classified by variability in translation state (and detection calls) in wild-type genotype.
Differential translated genes were identified from all A. thaliana genes represented on
GeneChip® Arabidopsis ATH1 Genome Array, (set ‘All’, n = 22,746), filtered by “A” calls
(set ‘P/M’); or genes with no or less variable (var.) translation state in the wild-type
from the ‘All’ set, All - var.|log2 TL| (n = 18,029), and genes detected with no “A” calls in
all arrays (n = 24): P/M - var.|log2 TL|(n = 3,386). The percentage of genes with
significant change in translation states (|log2 ΔTL| > 1, FDR <0.05) are shown for each
class and datasets. The size of gene set ‘P/M’ on which percentages were calculated for
each dataset is shown in Table 2.4.
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Taken together, these results, thus, show that the following gene sets and filters
are most useful: ‘All’ genes, P/M calls, and P/M calls with prior filtering for wild-type ‘TLvariable’ genes. Filtering of genes for ‘A’ calls as well as variable translation in the wildtype maximizes the quality of statistical power in the identification of differentially
translated genes from polysome microarray data.

2.5 Conclusions
Using datasets for genotype (mutant and wild-type) and stress (treated and
control) conditions, I analyzed the performance of three normalization algorithms (RMA,
gcRMA, MAS5), two pre-processing filtering mechanisms (limma FDR, ’ad hoc’ method),
and filtering against ‘A’ calls, or against wild-type ‘translation-variablity’ to find a robust
combination of two or more methods for the identification of differentially translated
genes. RMA normalization combined with filtering of genes with limma (FDR <0.05),
performed better than gcRMA and MAS5 for most of the datasets. Reducing the
stringency in FDR level (0.05 to 0.1 or 0.2) generally increases the number of DTGs; the
trend seemed more pronounced in gcRMA than RMA. On the other hand, exclusion of
genes with variable translation state in the wild-type, and ’A’ call filtering were shown to
improve statistical power for identifying DTGs. Gene Ontology analysis demonstrated
that certain functional classes are enriched with genes that have highly variable
translation state in the wild-type. In summary, for estimation of the number of genes
responding to mutation or stress, all possibilities of combining prefiltering, variability in
wild-type translation state, and ‘A’ call filtering with a robust normalization method (e.g.
RMA) should be tested.
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2.6 Appendix
Appendix 2.1 Schematic of microarray analysis
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3. CHAPTER III. Microarray analysis of translation states in
rpl24b and eif3h mutants of A. thaliana
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3.1. Abstract
Genome-wide assays performed in Arabidopsis and other organisms have revealed that
the translation status of mRNAs responds dramatically to different stresses and
environmental and growth signals. Likewise, translation of specific mRNAs is perturbed
by a genetic mutation in a eukaryotic translation initiation factor, the h subunit of eIF3.
However, no equivalent experiment has been performed to examine translational
defects in a ribosomal protein mutant. Like eIF3h, the large ribosomal protein
RPL24/SHORTVALVE has been implicated in translation reinitiation in Arabidopsis, and
shows similar translational and morphological defects. DNA microarray analyses of total
transcripts (TC), polysome-bound (polysomal, PL) and free or monosomal (nonpolysomal, NP) mRNA pools were performed in a mutant lacking one of two paralogs of
RPL24, rpl24b, as compared to wild-type. Using the robust normalization algorithm
(RMA) and multiple tactics of gene filtering, a total of 155 differentially translated genes
(DTGs) in rpl24b and 388 DTGs in eif3h mutants were identified. Most of the mRNAs
appear to be translationally repressed (91/155 genes) in rpl24b but overtranslated
(288/388 genes) in eif3h, which is consistent with a general change in translation due to
reduced translation initiation (eif3h mutation) or reduced translation elongation (rpl24b
mutation). I also searched for correlations between changes in translational and
transcriptional regulation, and found no such correlations, or they are restricted to small
cohorts of mRNAs. The rpl24b mutation showed overtranslation of specific mRNAs,
notably significant stimulation of ribosomal protein mRNAs. This feature was shared
with the eif3h mutant (KIM et al. 2007), although the phenomenon was not quite as
strong and widespread as in eif3h. There was also undertranslation of specific mRNAs,
again partially overlapping with eif3h. Overall, these data bolster the conclusion that
RPL24B and eIF3h play similar roles in eukaryotic translation, a surprising notion given
that one is an initiation factor and the other operates primarily during elongation. The
data also add evidence to the idea that certain ribosomal protein mRNAs form a regulon
of translational control.

3.2. Introduction
Compared to other steps in gene regulation, transcription and protein
degradation, translational control is least characterized in plants. However, translation is
globally regulated in different stresses and other environmental conditions, such as
hypoxia, drought, dark or light treatment, sucrose starvation, heat and salt stress
(BRANCO-PRICE et al. 2008; BRANCO-PRICE et al. 2005; JUNTAWONG and BAILEY-SERRES 2012;
KAWAGUCHI et al. 2004; LIU et al. 2012; MATSUURA et al. 2010; NICOLAI et al. 2006). These
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experiments provided data on changes between polysomal and non-polysomal mRNA or
total transcripts on global level based on oligonucleotide microarrays of wild-type plant
samples. However, profiling of only wild-type samples might not be helpful when the
goal is to understand the regulatory role of eIFs and ribosomal proteins in translation
initiation pathways.
Our laboratory has investigated how components of the translation machinery
contribute to translational regulation during developmental and environmental
responses. Among the numerous eukaryotic translation initiation factors (eIFs) (JACKSON
et al. 2010), few have been examined for their transcriptome-wide contribution to
translation [e.g. yeast eIF4F (JOHANNES et al. 1999), EIF2B (SMIRNOVA et al. 2005), C.
elegans EIF4E (DINKOVA et al. 2005), yeast eIF4G (PARK et al. 2011), and Arabidopsis eIF3h
(KIM et al. 2007)]. The h subunit of eIF3 (eIF3h) has been shown to maintain the
polysome loading of uORF-harboring mRNAs (KIM et al. 2007) and the efficient
translation reinitiation on such mRNAs (ROY et al. 2010). eIF3h may also increase the
polysome loading of mRNAs with long leader or coding sequences (KIM et al. 2007).
Coupled with biochemical and genetic analyses of eif mutants, DNA microarray
techniques are well suited for identifying sets of mRNAs that are clients of eIFs. The
ribosomal protein RPL24 modulates the initiation of the uORF-containing mRNA, bZIP11,
in Arabidopsis similar to eIF3h, and mutants deficient in the genes for these two
proteins also exhibited similar developmental phenotypes (ZHOU et al. 2010). However,
the transcriptome wide spectrum of translational defects is not known for rpl24. In fact,
no ribosomal protein mutant has been examined using transcriptomic techniques in any
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organism. The cytosolic RPL24, a subunit of the large (60S) subunit of the ribosome, is
located near the subunit interface on the lower hemisphere of the 60S, where it is facing
toward the 3’ end of the mRNA during translation elongation (KLINGE et al. 2011).
Mutation in the RPL24 gene mouse (Mus musculus) with a pleiotropic phenotype, belly
spot and tail (Bst), has been shown to impair RPL24 mRNA splicing and synthesis of
RPL24 protein, which in turn affects ribosome biogenesis, protein synthesis and the cell
cycle (OLIVER et al. 2004). On the other hand, based on transient expression assays in
plant protoplasts, Arabidopsis RPL24 has been shown to be recruited in the cauliflower
mosaic virus (CaMV) transactivator (TAV)-mediated reinitiation of CaMV 35S RNA (PARK
et al. 2001).

Moreover, a mutant lacking one of the RPL24-encoding genes in

Arabidopsis was identified by virtue of a short valve gynoecium (stv1/rpl24b) (NISHIMURA
et al. 2005). The RPL24 protein boosts the translation reintiation of two uORF-containing
auxin response transcription factor (ARF) mRNAs, ETTIN (ETT) and MONOPTEROS (MP)
(NISHIMURA et al. 2005), in conjunction with eIF3h (ZHOU et al. 2010). Taken together,
eIF3h and RPL24 may be involved in similar (re-)initiation events or may co-regulate the
expression of uORF-containing or other mRNAs.
To examine whether eIF3h and RPL24 have closely related or separable
functions, this lab carried out a polysome microarray analysis of translation in lightgrown seedlings of rpl24b mutants. After reanalyzing the raw data from the earlier eif3h
mutant study (KIM et al. 2007) using optimized normalization and statistical tools, our
results show a significant overlap between sets of genes over- or undertranslated in
rpl24b and eif3h mutants. Among the overtranslated genes in rpl24b and eif3h are a
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number of genes encoding ribosomal proteins. Ribosomal proteins are known to be
coregulated translationally across other experimental conditions and thus form a
regulon of translational control.

3.3. Materials and Methods
3.3.1. Mutant strains and wild-type ecotypes
A. thaliana ecotypes for wild-type plants, and alleles and ecotypes for mutants
were described previously (DUFRESNE et al. 2008; KIM et al. 2007; KIM et al. 2004;
NISHIMURA et al. 2005; ZHOU et al. 2010). Wild-type plants, the eif3k mutant allele
(At4g33250) and the pab2;pab8 double mutant alleles (At4g34110; At1g49760) are in
the Columbia-0 (Col-0) ecotype; the eif3h-1 mutant allele (At1g10840) and rpl24b (stv11) mutant allele (At3g53020) are in Wassiliweskijia (Ws) ecotype. On the other hand,
gcn2 dataset has both wild-type and gcn2 mutant allele (At3g59410) in Landsberg (Ler0) ecotype, as previously described (LAGEIX et al. 2008).
3.3.2. Plant growth and RNA sample preparation for microarray
Growth conditions for A. thaliana were described previously (KIM et al. 2007).
Seedlings were grown on agar plates containing full strength Murashige and Skoog salts,
pH 5.7, and 1% sucrose. Stratified wild-type and mutant seedlings of rpl24b, eif3h, eif3k,
pab2;pab8 and gcn2 were germinated and grown for 10 to 12 days under continuous
light. Samples for RNA preparation were collected from liquid nitrogen frozen aerial
tissues. The eIF3h dataset was collected by Dr. Byung-Hoon Kim (KIM et al. 2007).
For rpl24b and other mutants, the top six fractions of sucrose-gradient
fractionated plant samples were pooled as non-polysomal (NP), and the bottom six
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fractions were pooled as polysomal (PL) RNA samples for translation level data as
described in the published material. Total transcripts were also collected using a
standard Trizol procedure (KIM et al. 2007). Samples for other datasets were also
collected by Byung-Hoon Kim. The number of biological replicates was 2 for eif3h, 4, for
pab2;pab8 and 3 for the other samples.
3.3.3. Data extraction and normalization
Raw signals (CEL files) from wild-type and mutant RNA samples hybridized on
GeneChip® Arabidopsis ATH1 Genome Array for eight (eif3h dataset), twelve (rpl24b,
eif3k and gcn2 datasets) or sixteen (pab2;pab8 dataset) chips were analyzed using the
open source statistical tool R/Bioconductor (http://www.r-project.org/, version 2.13.2,
released on 09/30/2011), and the affy package (WETTENHALL et al. 2006). RMA
normalization was used based on its advantage as discussed before (see Sections 2.4.1
and 2.4.2). The codes used in R programming are listed in Appendix 3.1.
3.3.4. Gene sets
The complete set of (n = 22,746) genes represented on the GeneChip®
Arabidopsis ATH1 Genome Array microarray (‘All’) was prefiltered based on various
simple gene expression criteria (see Sections 2.4.3 and 2.4.4). These criteria include (a)
less than 50% of the arrays of each dataset (n = 8-12) scoring MAS5 ‘A’ calls to identify
poorly expressed genes (‘P/M’ set), (b) a low variance in the translation state across a
panel of twelve wild-type samples (‘Stable’ set). Prefiltering yielded four gene sets, i.e.
‘All’, ‘P/M’, ‘Stable’ and ‘Stable and P/M’. Prefiltering reduces the size of the gene set,
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which increases the statistical power in the identification of DTGs from polysome
microarray data.
3.3.5. Computation of translation state and transcript level changes
Global changes in translation state and transcript level were calculated for each
dataset. Changes in total transcript were calculated for each gene (probe set) from
normalized signal values of total transcript [TC] in the mutant (log 2 [TC]mutant) relative to
the wild-type (log2 [TC]WT), as Δlog2 [TC] = log2 ([TC]mutant/[TC]WT).
Translation state [TL] data were obtained from sucrose-gradient fractionation of
mRNAs. The experimental design for polysome association results in two values per
gene: the signal in the non-polysomal fraction (free and monosomal, [NP]) and the
signal in the polysomal fraction [PL]. [TL] may be calculated in two ways; (a) as the logtransformed ratio of mRNA signal in the polysomal and nonpolysomal fraction [TL] = log2
([PL]/[NP]) (KIM et al. 2007); (b) as the ratio of mRNA signal between polysomal fraction
and total mRNA log2 ([PL]/[TC]) (BRANCO-PRICE et al. 2008; BRANCO-PRICE et al. 2005). The
difference in [TL] between a mutant and the wild-type is referred to as Δlog2 [TL] = log2
([TL]mutant/[TL]WT).
3.3.6. Higher level microarray data analyses
Analysis of differentially translated genes (DTGs) and differentially expressed genes
(DEGs) was performed with the R/Bioconductor linear models for microarray data
(limma) package (SMYTH 2005) on translation state [TL] and transcription [TC] values.
Genes were filtered in two ways – statistical significance and biological difference of
gene expression of the respective mutant over wild-type. The Benjamini and Hochberg
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method of multiple test and false-discovery rate (FDR) adjusted p-values (BENJAMINI
1995) in the R limma package was used to identify genes with statistically significant
gene expression. A confidence threshold of FDR < 0.05 was used. This was followed by
filtering of genes for at least two-fold change in expression (translation, |Δlog2 [TL]| > 1;
transcription, | Δlog2 [TC]| > 1).
All four gene sets (see above) were examined in parallel. Any gene that proved
significant in at least one of the gene sets was allowed to move forward into a nonredundant pool. All the genes selected in this way were grouped into down-regulated
and up-regulated genes. Genes and their responses were classified further using Excel
spreadsheets.
Higher level analyses of DTGs were based on fuzzy k-means clustering as described
previously (GASCH and EISEN 2002; GATH 1989; JUNTAWONG and BAILEY-SERRES 2012;
MUSTROPH et al. 2009). Briefly, for identification of coregulated genes, clusters of mRNAs
were resolved by fuzzy k-means clustering with the fanny function of the R cluster
package (MAECHLER 2012) using the following settings: distance measure = Euclidean
correlation, membership exponent = 1.1, maximal number of iterations = 5 000, and
number of clusters determined by trial and error (MUSTROPH et al. 2009). Clusters of
genes and values of fold changes (Δlog2 [TL]|) of mRNAs visualized as heatmaps with the
graphical interface programs MEV (http://www.tm4.org/mev/credits/references) and
Genesis (STURN et al. 2002). Groups of genes identified by clustering or other means
were evaluated for enrichment of functional annotations using the Genome Ontology
tools, GOHyperGAll function (HORAN et al. 2008) and DAVID . Moreover, fold-change
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values of translation states (Δlog2 [TL]) of the whole genome (n = 22,746) were plotted
onto Arabidopsis biochemical pathways and analyzed for functional bias of gene
expression using MapMan v3.5.1R2 (THIMM et al. 2004).
Details of the microarray analysis are summarized in Appendix 3.2. R codes for fuzzy
k-means and GOHyperGAll functions were kindly provided by Dr. Julia Bailey-Serres and
Dr. Piyada Juntawong, University of California Riverside.
3.3.7. mRNA sequence analysis
Coding sequences (CDSs) of all Arabidopsis genes represented on the ATH1
GeneChip and with available gene models were downloaded from the Arabidopsis
Information Resource (TAIR release 10) database (http://www.arabidopsis.org/). The
TAIR10 representative gene models (splice forms) were used to search CDS, and these
gene models were then used to search sequences of the 5’-UTR. Sequences of uORFs
were also obtained using representative gene models, and this was done with a help
received from Qidong Jia in our lab.

3.4. Results
3.4.1. Global relationships between changes in total transcript levels and translation
Typically, changes in total mRNA transcript level in response to a particular
stimulus are not globally coordinated with changes in translation (BAILEY-SERRES et al.
2009). Analysis of the eif3h mutation (KIM et al. 2007), for example, has shown that
effects on polysome loading by the eif3h mutant were not generally correlated with
total transcript levels. However, there are exceptions. Therefore, here I tested the
relationship between changes in translation states and transcription levels for rpl24b
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(and eif3h) to understand whether global translation changes are coordinated with
changes in total transcript levels. Average changes in polysome and non-polysome
mRNA levels (∆log2 [PL] and ∆log2 [NP]), and translation state (∆log2 [TL]) were compared
against changes in total mRNA abundance (∆log2 [TC]). First of all, the rpl24b mutation
caused strong alteration in total transcript levels, while changes in translation state
were fairly mild similar to what had been seen in the eif3h mutant (KIM et al. 2007).
Changes in the polysome (PL) mRNA levels appeared to have a strong positive
correlation with changes in total transcript levels (R2 = 0.74) (Fig. 3.1A and B, left).
Changes in translation states, (log2 [TL]), however, showed no simple correlation with
changes in total transcript levels (R2  0) (Fig. 3.1A and B, right). The changes in the nonpolysome (NP) mRNA levels also show moderate to strong correlation (R2 = 0.5 to 0.62)
with changes in total transcript levels (Fig. 3.1A and B, center). Taken together, there is
clearly no global coordination of transcription and translation. However, there are small
subsets of mRNAs whose changes in translation and transcript levels are either
antagonistic or synergistic.
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A

B

Figure 3.1 Global changes in transcript levels strongly correlate with mRNA abundance
in polysomal and non-polysomal mRNAs, but not with changes in translation state in
rpl24b and eif3h mutants.
Scatters plots show comparisons of global changes in total transcript (y-axes) against the
respective changes in polysomal (PL) mRNA (log2 [PL]), non-polysomal mRNA (log2
[PL]), and translation state (log2 [TL] = log2 [PL]/[NP]) for rpl24b (A) or eif3h (B)
mutants compared to wild-type samples. All A. thaliana genes on GeneChip®
Arabidopsis ATH1 Genome Array (n = 22,746) are analyzed and Pearson correlation
coefficients (R2) indicated. Dashed lines represent two-fold changes for each comparison
between the respective mutant sample and wild-type in upward (red) or downward
(blue) direction, respectively.
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3.4.2. Combined list of non-redundant DTGs in rpl24b or eif3h datasets
For an intial global view of differentially translated genes (|Δlog2 [TL]| > 1, FDR
<0.05), microarray analysis was done on polysomal [PL] and [NP] RNA samples collected
by scurose-gradient centrifugation from wild-type and mutants for rpl24b or eif3h plants
on the ‘All’ gene sets of rpl24b and eif3h datasets, respectively. The proportion of genes
identified with two-fold change (|Δlog2 [TL]| > 1.0) at FDR <0.05 in ‘All’ gene set
(n=22,746) in both datasets was small (138 to 143, or 0.6%) (Table 3.1 and Fig. 3.2).
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Table 3.1 Differentially translated genes in rpl24b and eif3h datasets.
Numbers (%) are for genes with two-fold differential translation (DTGs), only two-fold
change in translation state (∆log2 [TL] >1), or only statistical significance (FDR <0.05),
and all genes in each gene set (All genes) for the respective datasets. MAS5 filtering of
‘A’ calls is also shown. See text for details on the name of gene sets.
Gene
sets

DTGs**

∆log2 [TL] > 1

FDR <0.05

All genes

rpl24b

eif3h

rpl24b

eif3h

rpl24b

eif3h

rpl24b

eif3h

All

138
(0.61%)

143
(0.63%)

179
(0.79%)

546
(2.40%)

204
(0.90%)

143
(0.63%)

22,746

22,746

P/M

120
(0.90%)

302
(3.42%)

128
(0.96%)

365
(4.13%)

249
(1.86%)

395
(4.47%)

13,380

8,829

Stable

101
(0.56%)

160
(0.89%)

121
(0.67%)

341
(1.89%)

155
(0.86%)

160
(0.89%)

18,029

18,029

Stable
and P/M

31
(0.91%)

157
(4.64%)

31
(0.91%)

165
(4.87%)

126
(3.72%)

338
(9.98%)

3,386

3,386

Filtering for
no ‘A’ calls
None
In 50% of
arrays
None
In all WT*
arrays

WT* refers to only wild-type reference samples drawn from rpl24b, eif3h, eif3k, and pab2;pab8 datasets.
DTGs** refer genes with biological (two-fold change) and statistical significance (FDR < 0.05) in translation
states of the mutant over wild-type samples.
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Figure 3.2 Combined list of differentially translated genes in rpl24b and eif3h datasets.
(A) A total of non-redundant 155 and 388 genes with differential translation state
(|Δlog2 [TL]| > 1.0, FDR <0.05) were identified for further analysis in rpl24b and eif3h
datasets, respectively. The Roman numerals represent the four gene sets used in
identifying DTGs, and three of the sets were first filtered by one or more methods
(shown with the text above the arrows). I = all Arabidopsis genes (n = 22,746)
represented on GeneChip® ATH1 Genome Array; II = all genes (n = 8,829 to 13,380) with
raw signal values detected above background or no ‘A’ calls in at least 50% of arrays (n =
8 to 12); III = all genes with stable gene expression in wild-type ‘replicate’ samples (n =
18,029); IV = genes with less or no variable translation state in wild-type ‘replicate’
samples (n = 12), and no ‘A’ calls in all of wild-type ‘replicate’ arrays (n = 24). The
number of DTGs from each of the gene sets for the respective datasets is shown at the
bottom. (B – C) Venn diagrams showing the overlap in the number of DTGs from the four
gene sets in (A) for rpl24b (B) and eif3h (C) datasets.
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As shown in Fig. 3.2. and Table 3.1, filtering of genes for less or no variable
translation state in the wild-type (gene set ‘Stable’) slightly increased the number of
DTGs in eif3h (160 or 0.89%) but not in rpl24b dataset (101 or 0.56%) compared to the
‘All’ set (143 or 0.43%, and 138 or 0.61%). However, flagging for ‘A’ calls (gene set ‘P/M’)
increased the number, 302 in eif3h dataset, and the percentage of DTGs (0.90 and
3.42%) in both datasets. Similar increase in the percentage of DTGs was also found from
the ‘Stable and P/M’ gene set for both datasets (0.91 and 4.64%). On the other hand,
both ‘All’ and ‘Stable’ gene sets are known to suffer from inclusion of poorly detected
genes (‘A’ calls). Thus, to offset inclusion of undetected genes in ‘All’ or ‘Stable’ gene set
in rpl24b dataset, and increase the number of DTGs for both rpl24b and eif3h datasets,
we combined sets of DTGs from all of the four gene sets. Accordingly, a non-redundant
155 and 388 DTGs were identified for rpl24b and eif3h datasets, respectively, up from
138 or 143 when only the set ‘All’ is used (Fig. 3.2). The increase in the number of DTGs
lends to the possibilty of deciphering better biological insights in higher level analyses of
genes affected by mutation in rpl24b or eif3h.
3.4.3. Comparison of RPL24B and eIF3h dependent genes
Because translation of AtbZIP11, ARF3 (ETT) and ARF5 (MP) appear to depend
on functional eIF3h and RPL24B (NISHIMURA et al. 2005; ZHOU et al. 2010), one might
hypothesize that eIF3h and RPL24B have identical sets of clients mRNAs. I tested this
hypothesis by comparing clusters of genes that are altered at the translation level in
eif3h and rpl24b mutants.
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A correlation analysis for significantly regulated genes of eif3h and rpl24b
datasets shows moderately high (R2  0.51) coregulation of eif3h and rpl24b dependent
genes at the translational level (Fig. 3.3B). Remarkably, among all the mRNAs that are
undertranslated in eIF3h, the vast majority have a Δlog2 [TL] < 0 in the rpl24b dataset (p
< 0.0001) (Ranked sign test, data not shown). Likewise, for overtranslated mRNAs, the
level of significance in coregulation was high between eif3h and rpl24b datasets (p <
0.0001) (data not shown). This result indicates that the overlap between eIF3h- and
RPL24B-dependent genes is quite signficant.
On the other hand, global correlation analysis for both datasets has shown that
defects in rpl24b and eif3h do not generally affect similar sets of genes at translation
and transcription levels (R2  0) (Fig. 3.1, right). Thus, these results suggest that eIF3h
and RPL24B generally coordinate the translational regulation of several mRNAs without
signfiant effect on transcript levels.
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Figure 3.3 Comparisons of changes in translation states in wild-type and rpl24b or
eif3h genotypes of A. thaliana.
(A) Heatmaps of fuzzy k-means clustering of 478 differentially translated genes (|Δlog2
[TL]| > 1.0, FDR <0.05) identified from RMA-normalized combined data of rpl24b and/or
eIF3h mutants. The heatmaps show median Δlog2 [TL] expression values for each of six
clusters of mRNAs that show similar translation defects in each mutant over wild-type.
Translation defects are generally correlated for subsets of rpl24b and eIF3h
mistranslated mRNAs (the first five columns). However, these changes do not extend to
mutations in gene encoding other eIFs and related proteins (eif3k, pab, and gcn2) (the
last ten columns). From left to right columns, data are for three (rpl24b), two (eif3h),
four (pab2;pab8), and three (eif3k and gcn2) experimental replicates. The number of
genes (No. of genes) in each cluster are indicated. The heatmap color panel indicates
under- (blue), over-translation (yellow) and no change (black) in mRNA translation.
Tables list the most significantly enriched Gene Ontology (GO) categories for each
cluster. GO enrichment p-values were calculated by the GOHyperGAll function (HORAN et
al. 2008). GO terms, BP: biological process; CC: cellular component; MF: molecular
function. Adjusted p-values and the number of significantly enriched mRNAs are listed.
(B – C) Scatter plot (B) and Venn diagrams (C) showing the translational co-regulation of
sets of mRNAs by RPL24B and/or eIF3h. Overlap for genes undertranslated (C, top) or
overtranslated (C, bottom) by eIF3h and/or rpl24b mutation. The comparison and genes
evaluated are the same as in (A). Only genes with differential translation state (|log2
ΔTL| > 1.0, FDR <0.05; n = 478) are shown. Pearson correlation coefficients (R2) are
indicated. Dashed lines represent two-fold changes as in Fig. 3.1.
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3.4.4. Identification of coregulation by fuzzy k-mean clustering
To further evaluate the relative activities of RPL24B and eIF3h, I performed
higher level analysis of differentially translated genes (DTGs). Fuzzy k-means clustering
was performed on a total of 478 DTGs (90 rpl24b-only, 323 eif3h-only, 65 in both)
identified (Fig. 3.3A,C). This resolved six clusters of mRNAs (Fig. 3.3A). Two of these,
Clusters 1 and 6, show strong coregulation between rpl24b and eif3h under- and
overtranslated mRNAs, respectively. Thirty-five mRNAs were identified with median
drop in translation state (Δlog2 [TL]) of -1.37 to -1.83 in rpl24b and -1.42 to -1.48 in eif3h
(Cluster 1). Of which 29 mRNAs are signficantly undertranslated in both rpl24b and
eif3h mutants (Fig. 3.3C, top). Similarly, 74 mRNAs were identified with a median
increase in Δlog2 [TL] of 1.23 to 1.39 in rpl24b and 1.18 to 1.19 in eif3h (Cluster 6). Of
which 36 mRNAs are signficantly overtranslated in both rpl24b and eif3h mutants (Fig.
3.3C, bottom). Thus, these results show the strong overlap between sets of mRNAs
over- or under-translated in eif3h and/or rpl24b mutants. In contrast, mRNAs which
were affected by eif3h and rpl24b mutation were not generally perturbed by mutations
in the k subunit of eIF3 (eif3k), poly(A)-binding proteins (pab2;pab8) and the eIF2α
kinase GCN2 (gcn2) (Fig. 3.3A). Taken together, these results indicate that many of
eIF3h-dependent mRNAs are also among client mRNAs translationally controlled by
RPL24B. Moreover, these new data bolster the conclusion that translation defects in
rpl24b and eif3h play similar and primary regulatory roles in eukaryotic gene expression.
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3.4.5. Functional bias of overtranslated ribosomal protein mRNAs in rpl24b and eif3h
To examine whether or not mRNAs that were mistranslated in rpl24b mutant are
significantly overrepresented in certain functional classes, fold-change values (Δlog2
[TL]) for all A. thaliana genes represented on ATH1 array (set ‘All’) were analyzed by the
functional analysis tool MapMan v3.5.1R2 (THIMM et al. 2004). In MapMan, fold-changes
between mutant and wild-type samples for translation state or transcript levels for each
gene are plotted onto functional categories.
Among mRNAs encoding ribosomal proteins (RPs) many are mistranslated in the
rpl24b mutant and the mRNAs for cytosolic RPs are generally stimulated (Fig. 3.4). As
expected from prior analyses, there is a moderate correlation between the translational
trends in the eif3h mutant, which has been described previously (KIM et al. 2007), and
rpl24b. The mutation in rpl24b also stimulated the transcript levels of many RP mRNAs;
however, the transcriptional and translational responses appear to be complementary,
as equivalent effects on the same gene are rare.
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Figure 3.4 Certain functional classes of mRNAs show coordinated translational
response to eif3h and/or rpl24b mutation.
Changes in translation state (Δlog2 [TL]) were plotted onto Arabidopsis biochemical
pathways and functional categories using MapMan v3.5.1R2 (THIMM et al. 2004). Each
square represents a single gene, and each gene occupies equivalent positions in each
set. The log-scale refers to overtranslated (red) or undertranslated (blue) levels of genes
in rpl24b or eif3h compared to wild-type. For comparison, data from transcript levels
(log2 [TC]rpl24b), are also included for the rpl24b mutant. Note the translational
stimulation or reduction of ribosomal proteins (RPs) in both rpl24b and eif3h mutants –
as a larger set of RP mRNAs that are differentially translated in rpl24b and/or eif3h
(Clusters 3 and 6, Fig. 3.3A).Translational reduction of histones in rpl24b mutant is
shown for comparison. The Genes for translation initiation are shown as non-significant
control. Data are for selected gene classes from all A. thaliana probe sets (genes)
hybridized on GeneChip® Arabidopsis ATH1 Genome Array (n = 22,746).
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The enrichment of ribosomal proteins among mRNAs upregulated in rpl24b was
also confirmed by gene ontology (GO) analysis of the FDR-validated genes subjected to
fuzzy k-means clustering (Fig. 3.3A, Table 3.3). Aside from the two clusters that show
costimulation between rpl24b and eif3h, the cluster with a seemingly eif3h-specific
translational stimulation was also enriched for RPs. These results, therefore, suggest
that some but not all cytosolic RP mRNAs are coordinately regulated at the translation
level and could define a regulon of translational control. Clusters of cytosolic RPs mRNAs
were also shown to be coordinately undertranslated in response to sucrose starvation
(NICOLAI et al. 2006), drought (KAWAGUCHI et al. 2004) and hypoxia (BRANCO-PRICE et al.
2008; BRANCO-PRICE et al. 2005) stresses, and unanticipated darkness (JUNTAWONG and
BAILEY-SERRES 2012).
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Table 3.2. List of efficiently translated mRNAs encoding ribosomal proteins (RPs) and
translation initiation factors.
Three clusters of efficiently translated mRNAs based on fuzzy k-means clustering of 478
differentially translated genes (|Δlog2 [TL]| > 1.0, FDR <0.05) identified in rpl24b and/or
eif3h datasets. Cluster 6 mRNAs are overtranslated in both eif3h and rpl24b, while
mRNAs in clusters 4 and 5 are overtranslated in eif3h, but only slightly or not
overtranslated in rpl24b. Values in columns three and four are changes in translation
states (Δlog2 [TL]) with significant two-fold change (bold) in both mutants, nonsignificant fold change (italicized) or two-fold but statistically non-significant change
(underlined) in one of the mutants, and no change in one mutant (red). Genes with
ambiguous TAIR annotation are marked with (-).
Probe Set ID
(Affymetrix)
249815_at

Locus ID | Descriptions
(TAIR10)

Cluster
ID
6

rpl24b

eIF3h

AT5G23900 | -

1.511

1.187

252850_at

AT4G39880 | RPL23

6

1.208

1.209

256043_at

AT1G07210 | RPS18

6

1.141

0.941

256648_at

AT3G13580 | RPL30/L7 family protein

6

1.249

1.555

257599_at

AT3G24830 | RPL13 family protein

6

1.103

1.308

258090_at

AT3G14600 | RPL18ae/LX family protein

6

1.882

1.882

259090_at

AT3G04920 | -

6

0.898

1.113

260497_at

AT2G41840 | RPS5 family protein

6

1.211

0.997

264421_at

AT1G43170 | Embryo defective 2207 (EMB2207)/RP1, RPL3A

6

1.279

1.130

264702_at

AT1G70190 | RPL7/L12

6

1.074

1.197

267349_at

AT2G40010 | RPL10 family protein

6

2.962

2.470

245342_at

AT4G16720 | -

6

0.695

1.162

247247_at

AT5G64650 | RPL17 family protein

4

0.249

1.122

248102_at

AT5G55140 | RPL30 family protein

4

0.488

1.488

250667_at

AT5G07090 | RPS4 (RPS4A) family protein

4

0.573

1.401

251341_at

AT3G60770 | RPS13/RPS15

4

0.853

1.261

253138_at

AT4G35490 | Mitochondrial RPL11

4

-0.286

1.055

258858_at

AT3G02080 | -

4

0.501

1.151

258995_at

AT3G01790 | RPL13 family protein

4

0.629

1.250

262415_at

AT1G49400 | Embryo defective 1129 (EMB1129)/RPS17

4

0.124

1.060

264575_at

AT1G05190 | Embryo defective 2394 (EMB2394)/50S RPL6

4

0.009

1.014

266700_at

AT2G19740 | -

4

0.630

1.044

267174_at

AT2G37600 | -

4

0.589

1.519

267211_at

AT2G44065 | RPL2 family

4

0.393

1.600

245639_at

AT1G25260 | RPL10 family protein

5

0.730

1.226

246730_at

AT5G28060 | -

5

0.974

1.483

248331_at

AT5G52650 | RNA binding Plectin/S10 domain-containing protein

5

0.374

1.051

249795_at

AT5G23740 | RPS11-beta

5

0.398

1.224

250033_at

AT5G18110 | Eukaryotic translation initiation factor 4E (eIF-4E)

5

0.772

1.087

250440_at

AT5G10360 | RPS6B

5

1.057

1.160

250495_at

AT5G09770 | RPL17 family protein

5

0.476

1.075
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Table 3.3. Continued
Probe Set ID
(Affymetrix)
251007_at

Locus ID | Descriptions
(TAIR10)

Cluster
ID
5

rpl24b

eIF3h

AT5G02610 | RPL29 family protein

0.498

1.104

251018_at

AT5G02450 | -

5

0.828

1.128

251926_at

AT3G53740 | -

5

0.491

1.100

252235_at

AT3G49910 | Translation protein SH3-like family protein

5

0.790

1.508

252566_at

AT3G46040 | RPS15AD

5

0.649

1.190

253336_at

AT4G33250 | Eukaryotic translation initiation factor 3K, TIF3K1

5

0.632

1.051

254049_at

AT4G25740 | RNA binding Plectin/S10 domain-containing protein

5

0.370

1.122

254617_s_at

AT4G18730 | RPL16B

5

0.614

1.157

255000_at

AT4G09800 | RPS18C

5

0.956

1.395

255520_at

AT4G02230 | RPL19 family protein

5

0.830

1.570

259238_at

AT3G11400 | Eukaryotic translation initiation factor 3G1, eIF3G1

5

0.465

1.096

261416_at

AT1G07770 | RPS15A

5

0.540

1.022

262172_at

AT1G74970 | RPS9, nuclear encoded component of the chloroplast ribosome

5

0.914

1.131

263289_at

AT2G36170 | Ubiquitin extension protein (UBQ2)/RPL40A

5

0.386

1.113

263973_at

AT2G42740 | RPL11A

5

0.526

1.139

264849_at

AT2G17360 | RPS4 (RPS4A) family protein

5

0.862

1.195

265247_at

AT2G43030 | RPL3 family protein

5

0.588

1.217

266258_at

AT2G27720 | 60S acidic RP family

5

0.146

1.084

267213_at

AT2G44120 | RPL30/L7 family protein

5

1.005

0.641
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While the RP mRNAs make up only a small proportion of rpl24b-mutant
stimulated mRNAs, no other specific GO terms reached significance (Fig. 3.3A). Among
the eif3h-only stimulated mRNAs, a group of 80 mRNAs are associated with the
cytoplasm (Cluster 4, p-value = 1.54E-09). However, no further striking functional biases
were apparent. In contrast, only few GO terms, for example, xanthine metabolic
process, show significant enrichment for undertranslated mRNAs (Cluster 1, p-value =
1.11E-02) in both eif3h and rpl24b. However, 11 eif3h undertranslated mRNAs each are
associated with transcription elongation and photosynthesis (Cluster 3, p-value = 5.22E13 to 1.80E-07).
Taken together, our finding and similar studies on coordinated translational
response by classes of mRNAs, show the potential in exploring translation regulons by
use of polysomal microarray datasets from comparison of mutants in translation
initiation factor (eIF3h) and auxiliary protein (RPL24B) to wild-type, and samples
subjected to different stresses (sucrose starvation, drought, hypoxia, darkness) to
control treatments.
3.4.6. Sequence features affecting translation changes in rpl24b and eif3h
Previous data on eif3h indicated that eIF3h mitigates the translation inhibition of
uORFs on the main coding sequence (ORF or CDS) of classes of mRNAs (KIM et al. 2007).
Presence of uORFs is associated with reduced level of polysome loading in eif3h.
Moreover, mRNAs with shorter CDSs and no uORFs were shown to be overtranslated in
eif3h (KIM et al. 2007). To gain insights on what sequence features are shared among
mRNAs undertranslated in rpl24b and understand whether these sequence features are
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also shared among mRNAs undertranslated in eif3h, I tested the hypothesis that the
shared sets of mRNAs harbor uORFs.
To get sequence features, the entire set of Arabidopsis 5’ mRNA leader
sequences for 16,540 full-length transcripts with available gene models were
downloaded from the Arabidopsis Information Resource database (TAIR release 10)
(http://www.arabidopsis.org/). uORFs from TAIR database were extracted with the help
received from Qidong Jia in our lab. Bins of changes in translation state (log2 [TL]) were
plotted against number of genes with uORFs, and without uORF for long (>1,300 nt) and
short (<1,300 nt) main ORFs (Fig. 3.5). As shown in Fig. 3.5C, the eif3h undertranslated
genes are significantly enriched for mRNAs with uORFs (or uAUGs) (p <0.001). Similarly,
for genes with the translation state (log2 [TL]) of -0.59 to -0.20 in rpl24b dataset, uORFs
are significantly over-represented (p <0.05) (Fig. 3.5B). On the other hand, shorter CDSs
with no uORFs were also shown to be significantly enriched (p <0.001) in mRNAs
overtranslated in both rpl24b and eif3h. The effect of longer CDSs on undertranslated
mRNAs, however, was only visible in eif3h dataset. The results from eif3h mutant
reproduced the conclusion that uORF-containing mRNAs are undertranslated (Fig. 3.5C)
and this was also the case for rpl24b mutation (Fig. 3.5B). Taken together, mRNA
features in the leader sequences and/or coding region are sufficient to explain in
general terms mRNA translation defects in rpl24b or the role RPL24B plays in association
with eIF3h. Other features which are not explored yet could potentially show
overlapping and non-redundant roles RPL24B plays in translation initiation and
elongation pathways.
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Figure 3.5 uORFs and longer coding sequences contribute to poor translatability of
mRNAs in rpl24b and eif3h mutants.
(A) Number of upstream AUGs (uAUGs). Among 16,540 full-length transcripts with
available gene models, ~35% (5,758) contain at least one uAUG. (B – C) The contribution
of the length of main open reading frame (ORF or CDS) and the presence of upstream
ORFs (uORFs) to the translation state of mRNAs. mRNAs were classified into bins
according to differences in translation state (log2 [TL]) between rpl24b (B) or eif3h (C)
and wild-type, and evaluated for the percentage of genes with a long (> 1,300 nt) and
short (<1,300nt) ORF but no uAUGs, or any number of uAUGs. The number of genes in
each class is indicated. 2x2 contingency tables were prepared from the ‘no change’ (0.19 < log2 [TL] < 0.20), shown in red vertical line, and each of the other bins. Fisher’s
exact (or Chi-square with Yates' correction) tests were carried out using these tables to
evaluate the extent of deviation from the ‘no change’ bin for the numbers of genes with
uAUGs, and long or short ORF. An asterisk indicates a significant deviation (p < 0.05).
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3.5. Discussion
What might cause the translational stimulation of some RP mRNAs? We can
propose three hypotheses. First, rpl24b may have a translation elongation defect, which
slows ribosomes and therefore raises ribosome numbers per mRNA and polysome
loading, which appears as an increase in translation state. This seems unlikely, first,
because the rpl24b defect is gene specific, and second because it is also observed in the
initiation factor mutant, eif3h, which should not be suffering from an elongation defect.
Moreover, any defect in the translation elongation cycle would be compounded in an
exponential way by the length of the protein coding sequence. Therefore, one might go
a step further and conclude that the rpl24 mutant does not show any evidence for a
translation elongation defect.
Second, it could be explained that the rpl24 mutation may trigger a general
hypothetical ‘translation machinery surveillance’ alarm. For example, with RPL24B
missing, the RPL24A gene is probably unable to fill the void in 60S assembly. The cell
may sense the incompletely assembled ribosomes or the shortfall of 60S ribosomes and
may trigger a compensatory mechanism that stimulates transcription or translation of
ribosomal proteins and other translation factors. If this were correct, then other
ribosomal mutations (especially rpl24a) might cause the same effect as rpl24b.
Third, given that the RPL24 protein must have a specific role on the ribosome,
perhaps including subunit joining and reinitiation (PARK et al. 2001), the rpl24b mutation
might reveal a specific translational control mechanism that operates on certain RP
mRNAs. MRNAs with uORFs require reinitiation and two subunit joining events to
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maintain high polysome loading. However, this idea does not explain why a subset of
uORF-less mRNAs shows increased translation state in rpl24b. In essence, we know too
little about the role of RPL24 in the translation process to evaluate this hypothesis.

3.6. Conclusions
In this study, for Arabidopsis genotype (wild-type and mutant) samples, a genomelevel analysis of translation defects (and transcriptional changes) were analyzed to
identify differentially translated genes (DTGs), to cluster coregulated genes and to
characterize functional and sequence features. First, the number and/or percent of
DTGs identified in two datasets (rpl24b and eif3h) were increased by including
prefiltered gene sets. This was possible as the filtering reduces the number of genes in
the new ‘filtered’ sets allowing for increased statistical power from smaller number of
multiple comparisons. However, since this was only tested for two datasets with
relatively smaller translationally responding genes, the strong conclusions can only be
obtained by analyzing datasets with robust or larger sets of responding genes. Second,
global changes in transcript levels only show strong correlation with abundance in
polysomal or non-polysomal mRNAs, but lack any correlation with changes in translation
states in rpl24b and eif3h. Third, both overlapping and distinct regulation of eif3h and
rpl24b mistranslated mRNAs were identified, and the presence of uORFs and length of
coding sequences generally explain the poor translation of mRNAs in eif3h and rpl24b.
Fourth, mRNAs encoding ribosomal proteins were shown to be selectively translated in
both eif3h and rpl24b, or eif3h alone. In summary, as the first genome-level analysis of
the translational effects of a ribosomal protein, RPL24B, the present study adds to our
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knowledge of inference from small-scale translation assays that only study few of genes
a time.

96

3.7. Appendix
Appendix 3.1. R codes for data extraction, normalization, statistical tests
##########################
# Extraction and normalization #
##########################
#R > File > Change dir > "C:\my dir"
library(affy)
data=ReadAffy()
eset=rma(data)
write.exprs(eset,file="result.txt")

#sets working directory (point to the dir path, e.g. "C:\my dir")
#loads affy package
#reads all CEL files in the working directory
#normalizes by RMA
#creates RMA-normalized output (result1.txt) in "C:\my dir"

######################################
# Significant test between classes of samples #
######################################
library(limma)
#loads limma package
data=read.table("input.txt",header=TRUE,sep="\t")
#imports tab-delimited (input.txt) file with columns=sample names (e.g.
mutant =1, wild-type=2)
treat=c(1,1,1,2,2,2)
#reads columns as replicates of samples
design=model.matrix(~treat)
#creates data matrix
fit=lmFit(data,design)
#fits linear model object
fit=eBayes(fit)
#adds components to fit to produce an augmented object
write.fit(fit,file="result2.txt", adjust="fdr")
#creates an output (result2.txt) with columns of statistical parameters,
including p-values (raw and adjusted for false discovery rate (FDR))

#: shows lines which are instructions but are not executed.
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Appendix 3.2 Schematic of microarray analysis
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4. CHAPTER IV. Meta analyses of translation profiles in different
stresses and genotypes
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4.1 Abstract
Regulation of gene expression at the translation level is a fundamental mechanism
implicated in several biological processes, including plant responses to biotic and abiotic
stimuli. Based on the premise that meta-analyses of DNA microarrays have revealed the
coordinated translational control of certain well-defined mRNA groups, such as those encoding
ribosomal proteins, I characterized the lack or presence of coordinated translation regulation
under ten environmental conditions and genotypes; (i) wild-type and mutants (rpl24b or eIF3h),
(ii) a long day (16 h light, 8h darkness) diurnal cycle comparison for lights-on (morning or 6AM)
vs 12 hours light (evening or 6PM), and noon (12PM) vs mid-night (12AM), (iii) an unanticipated
shift in light availability (light to dark for 1 h, and dark to re-illumination for 10 minutes), (iv)
mock-treatment and infection by Turnip mosaic virus, (v) control and herbicide treatment in
wild-type or the gcn2 mutant, (vi) dark and 4 h light treatment, and (vii) nonstress and a short
(2 h) or prolonged (9 h) hypoxia stress. The profiling of translation states of 5,007 genes based
on expression clustering and gene ontology analyses revealed that a large proportion of
Arabidopsis mRNAs are coordinately regulated in at least two conditions. In a total of 25
clusters resolved by k-means clustering, most of the mRNAs appear to be translationally
repressed by hypoxia, darkness, and herbicide treatments as well as translationally stimulated
around lights-on in the diurnal cycle and after light treatments (4 h light and 10 min
reillumination after dark). The twenty-five clusters were collapsed into six groups with a
majority of responses overlapping, and four unique clusters which do not fit into any of the
groups. Accordingly, significant enrichment of gene ontology (GO) categories relating to the
translation machinery was identified in two groups. The GO category for translation was
associated with mRNAs that are coordinately upregulated by light but repressed by hypoxia,
darkness, and herbicide treatment. Two groups and two unique clusters were also identified to
be enriched with components of photosynthesis. On the other hand, higher resolution analysis
of all mRNAs encoding ribosomal proteins (RPs) and components of photosynthesis showed
that mRNAs encoded by the chloroplast genome show quite a different response than nuclearencoded RP mRNAs and chloroplast-targeted mRNAs under 12PM diurnal cycle, darkness,
mutations in eIF3h, rpl24b and gcn2, but behave the same as the bulk under other conditions.
5’-UTR and coding sequence analysis of all mRNAs from each cluster show that 5’-UTR GC
content and other features contribute to the dynamics of translational control in response to
environmental stimuli and mutant genotypes. Thus, by simultaneous analyses of several
datasets, we identified shared and distinct translation control patterns as well as common
denominators that underlie the lack and absence of coordinated control. Moreover, with this
meta-analysis, we confirmed existing data and gained a more comprehensive understanding of
translation control during biotic and abiotic stresses. The coupling of microarray data with
functional analysis of candidate genes will lead to a more comprehensive understanding of the
molecular basis of plant response to the environment.

4.2 Introduction

100

The coordinated repression of translation of mRNAs that encode ribosomal proteins (RP)
was shown in the analysis of A. thaliana leaves exposed to dehydration stress (KAWAGUCHI et al.
2004), Arabidopsis-cultured cells during sucrose starvation (NICOLAI et al. 2006) and exposure to
brief periods of elevated temperature (37°C) and high salinity (200 mM NaCl) (MATSUURA et al.
2010), as well as due to short (2 h) to prolonged (9 h or 12 h) hypoxia stresses in A. thaliana
seedlings (BRANCO-PRICE et al. 2008; BRANCO-PRICE et al. 2005). On the other hand, RP mRNAs
have been shown to be preferentially translated in response to a 4 h-light exposure of etiolated
A. thaliana seedlings (LIU et al. 2012), sublethal cadmium stress of Arabidopsis-cultured cells
(SORMANI et al. 2011), and upon mutation in rpl24b (data in Chapter 3) and eIF3h [data in
Chapter 3 and (KIM et al. 2007)] in A. thaliana seedlings. These and other published results
evidently show that the plant translation machinery controls the translation of cohorts of
mRNAs as a unit during the plant response to the environment or as a result of mutation.
However, it is not entirely clear whether the hypertranslation of translation components is a
way to specifically compensate for the lack of one or more of the components of the translation
apparatus, or whether it is part of the broader ‘reverse stress response’. More generally, it
appears that not all of the stress treatments and/or genotypes affect the same group of mRNAs
in identical ways, but a select subset of the functionally defined mRNA group. For example, in
our recent analyses of coordinated translation control of mRNAs in eIF3h and rpl24b, only 11 RP
mRNAs out of a total of 412 were overtranslated with high statistical significance in both eIF3h
and rpl24b mutants, compared to 39 other RP mRNAs that were only stimulated in eIF3h (Fig.
3.4A). To assess such differences and similarities in translation control, we performed a meta-
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analysis of translation data in the public domain under ten different environmental conditions
and mutant genotypes.

4.3 Materials and Methods
4.3.1 Datasets, data extraction and normalization
Raw data (CEL files) of published datasets were accessed from the public databases,
GEO

(http://www.ncbi.nlm.nih.gov/geo/)

and

ArrayExpress

(http://www.ebi.ac.uk/arrayexpress/). These include data for a short (2 h) or prolonged (9 h)
hypoxia stress (BRANCO-PRICE et al. 2008), light treatment during early photomorphgenesis (LIU
et al. 2012), an unanticipated change in light availabilty (JUNTAWONG and BAILEY-SERRES 2012), and
infection by Turnip mosaic virus (TuMV) (MOELLER et al. 2012). Raw data for the herbicide
treatment in wild-type and gcn2 genotypes (unpublished), and diurnal light/dark cycle
(unpublished) were obtained from Dr. Ju Guan and Dr. Anamika Missra in our lab, respectively.
The mutant genotype experiments for rpl24b and eIF3h datasets are as described in Chapter 3.
All in all, comparisons of translation profiles were made between seven different
conditions: (i) wild-type and mutants (rpl24b or eIF3h), (ii) a long day (16 h light 8h darkness)
diurnal cycle where I compared lights-on (morning or 6AM) vs 12 hours light (evening or 6PM),
and noon (12PM) vs mid-night (12AM), (iii) an unanticipated shift in light availability (light to
dark for 1 h, or L  D, and dark to re-illumination for 10 minutes, or D  R), (iv) mocktreatment and infection by Turnip mosaic virus (TuMV), (v) control and herbicide treatment in
wild-type (NT-WT and HT-WT) or the gcn2 mutant (NT-gcn2 and HT-gcn2), (vi) dark and 4 h light
treatment (4 h L), and (vii) non-stress and a short (2 h) or prolonged (9 h) hypoxia stress.
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One complication of the analysis was that the translation state (TL) values were
measured and calculated differently in the different datasets. For rpl24b and eIF3h, polysomal
(PL) and non-polysomal (NP) mRNA samples were collected by sucrose-gradient fractionation
and the TL was calculated as log2 [PL]/[NP] as described [(KIM et al. 2007); Chapter 3.3.2)]. For
the diurnal cycle and herbicide treatments, three mRNA fractions (small polysome, SP; large
polysome, LP; and non-polysome, NP) were collected from the sucrose gradient; the TL was
calculated as a ribosome occupancy (TL = log2 (2[SP]+2[LP])/[NP]). For the rest of the datasets, the
total transcript (TC) fraction was used and the non-polysomal fraction was not used. For the 4 h
light treatment, polysomal mRNA was collected on a sucrose gradient and TL was calculated as
log2 ([PL]/[TC]). For the TuMV experiment, the unanticipated dark shift, and the hypoxia stress
experiments (datasets TuMV, L  D, D  R, 2 h and 9 h hypoxia), polysomal mRNA was
immunopurified using an epitope tagged ribosomal protein, RPS18, and the TL was calculated
as log2 ([PL]/[TC]). These calculations generally followed the procedures described in the
original publications.
For each of the Affymetrix GeneChip® ATH1 Arrays, the microarray hybridization signals
contained in raw CEL files were processed into expression signals per gene using the
R/Bioconductor (GENTLEMAN et al. 2004) affy package and normalized by the Robust Multi-chip
Average (RMA) normalization procedure (IRIZARRY et al. 2003b). To estimate the amount of
expressed mRNA, the present (P), marginal (M) and absent (A) calls information [PMA values,
(LIU et al. 2002)] was computed with the non-parametric Wilcoxon signed rank test in the
mas5calls function (GAUTIER et al. 2004) of the affy package. Hybridization data from two (eIF3h,
L  D, and D  R) to three (all others) biological replicates were available for each pair of
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contrasting conditions in each dataset. Details of samples, datasets, and replicates are shown in
Table 4.1. The degree of correlation (R² values) between hybridizations of biological replicate
samples was generated for absolute translation state [TL] data from the RMA normalized signal
values and is shown in Table 4.2.
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Table 4.1 Description of datasets and mRNA populations.
The first column describes short names, and contrasting conditions, and an abbreviation in []
for each dataset. The mRNA samples (fourth column) are: total transcript (TC), polysomal (PL),
large polysomal (LP), small polysomal (SP), and non-polysomal (NP) mRNAs.
Datasets
Short name : Mutation, or stress treatment [code] | Wild-type, or control treatment [code]
a

Number
of
arrays

| 9h mock (nonstressed) [9NS or HOX-9]

Number
of
biological
replicates
3

mRNA
populations

12

PL, TC

12

PL, TC

9h hypoxia :

9h hypoxia [9HS or HOX+9]

2h hypoxia :

2h hypoxia [2HS or HOX+2]

| 2 h mock (nonstressed, [2NS or HOX-2]

3

L→D:

1h dark [D]

| 1h light [L]

2

D→R:

10min re-illumination [R]

| 1h dark [D]

2

12

PL, TC

4h light :

4h light [4h L]

| Dark [D] treatment

3

12

PL, TC

TuMV :

TuMV inoculation [TuMV]

| Mock inoculation [Mock]

3

12

PL, TC

2

8

PL, NP

3

12

PL, NP

c

eIF3h :

eIF3h

rpl24b :

rpl24b

| Wild-type [WT]
| Wild-type [WT]

PL, TC

b

Herbicide (WT) :

Herbicide-treated in wild-type [HRB+2] | Nontreated in WT [HTB+0]

3

18

SP, LP, NP

Herbicide (gcn2) :

Herbicide-treated in gcn2 [HRBgcn2+2] | Nontreated in gcn2 [HRBgcn2+0]

3

18

SP, LP, NP

12PM vs 12AM or 12PM diurnal cycle : Diurnal cycle between noon [12PM] | midnight [12AM]

3

18

SP, LP, NP

6AM vs 6PM or 6AM diurnal cycle : Diurnal cycle between morning [6AM] | evening [6PM]

3

18

SP, LP, NP

33

152

Total
a

Expressions within [] denote abbreviations for the conditions.
b
The L → D and D → R datasets share the 1h dark (D) treatment sample, and thus have a total of 12 arrays.
c
Italicized names denote mutant genotypes.
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Table 4.2. Evaluation of reproducibility between biological replicates.
The first column describes short names of each dataset. The last three columns show reproducibility between replicates as
evaluated by Pearson correlation coefficients R2 for raw hybridization signals, absolute translation states (TL), and changes in
translation states (TL).
2

Datasets

9h hypoxia

a

2h hypoxia

a

L→D

Hybridization signals of
mRNAs
0.980 to 0.994

a

D→R

a

4h light

a

Correlation between replicates (R , upper to lower)
TL of treated, mutant, control, and
ΔTL between conditions (treated/mutant and
wild-type samples
control/wild-type samples)
0.727 to 0.815
0.477 to 0.551

0.974 to 0.990

0.672 to 0.825

0.407 to 0.442

0.985 to 0.990

0.717 to 0.772

0.273

0.985 to 0.990

0.717 to 0.773

0.253

0.966 to 0.984

0.228 to 0.552

0.122 to 0.243

TuMV

0.951 to 0.984

0.555 to 0.682

9E-05 to 0.070

eif3h

0.924 to 0.958

0.682 to 0.718

0.228

0.963 to 0.991

0.564 to 0.681

0.054 to 0.072

0.965 to 0.992

0.542 to 0.676

0.083 to 0.157

0.959 to 0.983

0.428 to 0.536

0.010 to 0.071

0.948 to 0.986

0.419 to 0.689

0.028 to 0.106

0.954 to 0.989

0.507 to 0.600

6E-05 to 0.018

rpl24b
Herbicide (WT)

b

Herbicide (gcn2)
12PM vs 12AM
6AM vs 6PM

b

b

b

a

Raw RMA hybridization signals for polysomal (PL) mRNAs corrected by log2 values of PL content (PL %).
Raw RMA hybridization signals corrected by factors for variation in RNA concentration in different fractions (LP, SP, NP) and spike-in mRNA levels.

b
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4.3.2 Plant material and ecotypes
A. thaliana ecotypes for wild-type and mutant plants of datasets rpl24b, eif3h, and
herbicide treatment (HT-gcn2) were described previously (see Section 3.3.1). Wild-type plants
for all other datasets are based on the A. thaliana Col-0 ecotype. Parts and stage of growth of
plants used for extraction of mRNA samples were also different among datasets: four- to
fourteen-day aerial part of seedlings (rpl24b, eif3h, diurnal cycle, herbicide and 4 h light
treatments, hypoxia stress, shift in light availability), rosette leaves and flowers (TuMV
infection).
4.3.3 Gene filtering and data transformation
Sets of methods were developed to filter genes at an advanced level. First, the means of
biological replicates of changes in translation states, Δlog2 [TL], were computed for each of the
12 datasets. Second, genes were removed from a dataset if they were not called as ‘present’ by
mas5calls function in any contrasting conditions (P in all replicates of arrays). Furthermore, data
were filtered by removing any gene that did not show at least a two-fold change in translation
state over the mean, |Δlog2 [TL]| > 1, in at least one dataset. This filtering retained 4,991 genes
(Fig. 4.1).
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All
22,746 probe sets
(genes)

Remove genes with no two-fold change in
at least one dataset – |Δlog2 [TL]| < 1|

12 datasets
(r = 2 to 3)

20,426

Remove ‘A’ and ‘M’ calls
from all (n = 152) arrays

|Δlog2 [TL]| > 1

All ‘P’
15,435

4,991

Figure 4.1 Schematics of gene filtering for meta-analysis.
Genes that do not meet both of the following criteria were filtered out. Some 20,426 genes
remained by filtering all genes (n = 22,746) for an average two-fold or more change in
translation state values (|Δlog2 [TL]| > 1) that were corrected for ribosome loading efficiency
(PL %), spike-in and concentration factors in at least one of the datasets (see Table 4.1). The
resulting set of genes were further filtered for RMA hybridization signal values detected above
background (All ‘P’; n = 5,945) in all arrays of mRNA populations (PL, SP, LP, NP or T).
Subsequently, the overlapping 4,991 genes were retained for higher level meta-analysis. The
number of replicates (r) and total number of arrays (n = 152) for all 12 datasets are indicated.
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4.3.4 Data scaling
As all the datasets are drawn from different experimental conditions, and the TL values
are calculated using different formulas and with and without correction (‘spike-in’ mRNAs, RNA
concentration and polysome content), the range in changes in translation states (Δlog2 [TL])
were variable, and this required normalization of mean Δlog2 [TL] values by data scaling (Fig.
4.2B,C). For example, the mean Δlog2 [TL] values are between -0.190 to 3.393 for 4h light, 1.076 to 1.018 for TuMV, and -2.820 to 0.547 for 2 h hypoxia, and -2.188 to 0.121 for herbicide
(WT) datasets. For each dataset, raw log2 Δ[TL] values were multiplied by factors of -50/Xmin, 0,
and 50/Xmax, in such a way that Δlog2 [TL] values are ‘scaled’ -50 to 50, for raw Δlog2 [TL] values
of <0, 0 and > 0, respectively. Xmin and Xmax are the minimum and maximum values for each raw
mean Δlog2 [TL] values of the respective datasets. While Fig. 4.2C shows scaling for the mean
changes in translation state that were calculated from two to three biological replicates, I also
performed a similar scaling for the original bioreplicate samples (not shown here).
4.3.5 Identification of co-regulation patterns
Higher level analyses of coregulated genes from ‘scaled’ data were based on fuzzy k-means
clustering and Gene Ontology (GO) category enrichment analysis as described previously
(JUNTAWONG and BAILEY-SERRES 2012; MUSTROPH et al. 2009). Briefly, for identification of
coregulated genes, clusters of mRNAs were resolved by the fuzzy k-means clustering with the
fanny function of the R cluster package (MAECHLER 2012) using the following settings: distance
measure = Euclidean correlation, membership exponent = 1.1, maximal number of iterations =
5000, and number of clusters optimized by trial and error (MUSTROPH et al. 2009). Clusters and
‘scaled’ values of fold changes (Δlog2 [TL]|) of mRNAs were visualized with the graphical
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interface programs MEV (http://www.tm4.org/mev/credits/references) and Genesis (STURN et
al. 2002). Cluster membership of genes with similar expression identified by fuzzy k-means
were evaluated by enrichment of probe sets (genes) for specific biological process, molecular
function and subcellular component GO terms by the GOHyperGAll function (HORAN et al. 2008).
4.3.6 mRNA sequence analysis
The entire set of Arabidopsis 5′-UTR and coding sequence (CDS) of all Arabidopsis genes
represented on the ATH1 GeneChip and with available gene models were downloaded from the
Arabidopsis Information Resource (TAIR release 10) database (http://www.arabidopsis.org/).
The TAIR10 representative gene models (splice forms) were used to search CDS, and these gene
models were then used to search sequences of the 5’-UTR. Excel spreadsheets were used to
determine mono- and dinucleotide contents of 5’-UTR sequences.

4.4 Results and Discussion
4.4.1 Identification of coregulation patterns
Data preparation. Having defined differences and similarities between the translational
defects in the eIF3h and rpl24b mutants, I asked whether coordinated translation regulation
could be detected under other environmental conditions and genotypes. By concurrent
processing of raw data of 12 datasets from the public database and those obtained from our
lab, I identified 4,991 genes that show at least a two-fold difference in translation state in any
of the datasets and ‘P’ calls in all of the arrays (Fig. 4.1; Fig. 4.2).
I assessed the reproducibility between biological replicates (Table 4.2). Raw hybridization
signals were highly correlated (R2 = 0.924 to 0.994), demonstrating that biological variation was
under control and technical variation was minimized. As the raw hybridization signals were
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processed into translation states, and finally differences between translation states, by
additional computation, correlations become much weaker for some datasets, while other
datasets maintained strong reproducibility. The loss of correlation is probably the result of
several compounding factors, namely (i) small [TL] values, (ii) residual biological variation, (iii)
technical variation is lower in the total transcript (TC) sample than in the NP sample, which is
discarded by many other researchers, (iv) and calculating TL as PL/NP rather than as PL/TC.
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Figure 4.2 Distributions of change in translation state before and after data scaling.
(A) Schematics of boxplots. In each boxplot, 50% of the data occur between the lower and upper edges of the box, namely, between
the first (Q1) and third (Q3) quartiles. The lower 25% of the data occur below the bottom edge of the box (Q1). Likewise, the upper
25% of the data occur above the top edge of the box (Q3). IQR (interquartile range) = Q3-Q1. Points above the upper whiskers (> Q3
+ 1.5*IQR) and below the lower whiskers (< Q1 - 1.5* IQR) highlight outliers. (B – C) Boxplots show average changes in translation
states of two to three bioreplicates for 12 datasets and a total of 4,991 genes retained by filtering non-responsive genes (-1.0 <
Δlog2 [TL] < 1.0) and no ‘P’ calls. RMA-normalized values were first corrected to reflect any global shift in polysome content (% PL),
and/or factors for variation in RNA concentration in different fractions (LP, SP, NP) and spike-in mRNA levels. (B) The distribution of
unscaled changes in translation state (Δlog2 [TL]). (C) For each dataset, fold-change in translation state values were ‘scaled’ to offset
variations due to different experimental setup and origin of datasets, multiplying each value by the factors (50/maximum) and (50/minimum) for Δlog2 [TL] > 0 or Δlog2 [TL] <0, respectively. Data are for wild-type and mutants (rpl24b or eif3h), diurnal cycle
between time points (morning or 6AM vs evening or 6PM, and noon or 12PM vs midnight or 12AM), unanticipated shift in light
availability (light to dark, and dark to re-illumination), mock-treatment and infection by Turnip mosaic virus (TuMV), herbicidetreated and nontreated in wild-type [Herbicide (WT)] or gcn2 mutant [Herbicide (gcn2)], dark and 4 h light treatment (4h light), and
non-stress and a short (2h) or prolonged (9h) hypoxia stress. Detail description of each dataset is shown in Table 4.1.
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Fold changes between pairs of conditions in each dataset (mutant vs wild-type;
stress vs control treatment; and diurnal cycle for two time points) were computed. In
seven of the datasets, translation states were based on corrected signal values of
polysomal mRNA samples accounted for global polysome shift, and/or signal values of
polysomal and non-polysomal mRNA samples accounted for RNA concentrations. While
several conditions caused a balance between up- and downregulation, others caused a
global but graded downregulation of translation, namely, herbicide in the wild-type, the
diurnal comparison between noon and midnight, and, as expected, response to
darkness (JUNTAWONG and BAILEY-SERRES 2012) and to hypoxia (BRANCO-PRICE et al. 2008;
JUNTAWONG and BAILEY-SERRES 2012). In contrast, a dark-to-light shift caused dramatic
upregulation of translation (LIU et al. 2012). The dark-to-light shift was anticipated by
the plants as part of the circadian clock controlled regular dark/light cycle (BLASING et al.
2005; MCCLUNG 2006), while the light-to-dark shift was unanticipated by the plants, i.e.
outside a clock context. The amplitude of the responses also differed. Hypoxia,
darkness, light, and eif3h mutation caused dramatic effects, whereas the effects were
more muted in response to TuMV, herbicide in the gcn2 mutant, 6AM to 6PM and
rpl24b (Fig. 4.2B).
I then normalized all twelve experiments on a scale of -50 (strongest
downregulation) to +50 (strongest upregulation), while maintaining the absence of
change at zero. The ‘scaled’ log2 [TL] value was calculated to make the strongest
responses in each condition more comparable to each other and thus make it easier to
visually detect possible similarities between the responses (Fig. 4.2C).
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k-means clustering. A fuzzy k-means clustering analysis of 4,991 filtered and
‘scaled’ genes resolved 12 clusters of mRNAs (Fig. 4.3A). The ‘scaled’ changes in
translation state for each mRNA in a cluster are summarized in Appendix 4.1.
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A

GO terms
Cluster 1
MF: adenyl ribonucleotide binding
CC: chloroplast
Cluster 2

adj. p -values

MF: purine ribonucleoside triphosphate binding

BP: chloroplast organization
Cluster 3
BP: response to organic substance
MF: nucleic acid binding
Cluster 4
BP: response to cadmium ion
CC: chloroplast
Cluster 5
BP: plastid organization
Cluster 6
MF: structural constituent of ribosome
Cluster 7
BP: cellular lipid metabolic process
Cluster 8
BP: response to stimulus
Cluster 9
MF: structural constituent of ribosome
BP: photorespiration
Cluster 10
MF: structural constituent of ribosome
BP: photosynthesis, light reaction
Cluster 11
BP: response to abiotic stimulus
BP: response to misfolded protein
Cluster 12
MF: structural constituent of ribosome
BP: RNA methylation

Figure 4.3 Large numbers of mRNAs are translationally coregulated under subsets of
environmental conditions and genotypes.
(A) Fuzzy k-means clustering for different levels of coregulation of translation state by
two or more conditions/genotypes for a total of 4,991 filtered genes. The heatmap
display shows ‘scaled’ median Δlog2 [TL] expression values for each of 12 clusters of
mRNAs. The color scale indicates undertranslation (blue), overtranslation (yellow) and
no change in mRNA translation (black). Details of each dataset are shown in Table 4.1.
(B) Representative Gene Ontology (GO) categories for 12 clusters of coordinately
regulated genes. GO enrichment p-values were calculated by the GOHyperGAll function
(HORAN et al. 2008). Only adjusted p-values (adj. p-values) are shown for each GO term.
GO terms, BP: biological process; CC: cellular component; MF: molecular function. The
number of genes (No. of genes) in each cluster (A), and subsets of genes (n) significantly
over-represented in each cluster (B) are indicated.
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n

9.90E-10
1.11E-07

68
96

2.62E-04
2.73E-04

69
17

2.68E-11
3.48E-06

92
97

8.99E-24 50
9.96E-21 142
2.01E-17

40

1.34E-08

24

3.86E-06

55

2.52E-12 181
5.90E-36
3.59E-26

56
33

3.57E-11
1.00E-05

28
19

5.21E-20 112
4.65E-15 26
9.85E-72
1.43E-35

83
41

Coregulation of mRNAs under multiple conditions. Certain experimental
conditions affected translation in very similar ways. Strikingly, hypoxia and herbicide
each caused highly coordinated downregulation of translation across most if not all of
the 12 clusters. A correlation analysis of all (n = 22,746) or the 5,007 filtered genes
showed a strong trend of translation repression in response to both 2 h hypoxia and
herbicide treatments (Fig. 4.4A). In contrast, the transcriptional responses are not
identical, implying that the translational effects (downregulation) are direct
consequences of the stress rather than indirect effects mediated by transcriptional
changes. This downregulation was disrupted in the gcn2 mutant seedlings (Fig. 4.3A),
suggesting that the global translational response to both stresses is mediated by the
GCN2 kinase. Meanwhile, the response to darkness and to reillumination were
essentially mirror images of each other, as previously identified (JUNTAWONG and BAILEYSERRES 2012).
Certain conditions affect translation in partially identical ways, but with significant
condition-specific features. For example, the response to herbicide overlaps the
response to darkness, as previously noted for hypoxia and darkness (JUNTAWONG and
BAILEY-SERRES 2012), and also moderately overlapped the response to TuMV (Fig. 4.3A
and 4.5). Likewise, the diurnal morning-evening response partially overlaps the
response to 4 h of light (Clusters 7-10). And the defects in the rpl24b/stv1 mutant
overlap that in the eif3h mutant (Chapter 3). Surprisingly, the residual response to
herbicide in the gcn2 mutant most resembled the response in rpl24b (Clusters 11-12).
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A

B

Figure 4.4 Comparison of changes in translation state and transcript levels between
hypoxia and herbicide stresses.
Scatter plots showing concordance in ‘scaled’ changes in translation state (Δlog2 [TL])
(A) and transcript level (B) between 2 h hypoxia stress (HOX+2/-2) and herbicide
treatment in the wild-type (HRB+2/0) for all Arabidopsis genes (All) and genes retained
by filtering no response and no ‘P’ calls in translation state data (Filtered). Pearson
correlation coefficients (R2) values and number of genes (n) are indicated.
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Herbicide and other treatments
Downregulated genes (%)

100
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0
9h hypoxia

2h hypoxia

L->D

TuMV

12PM/12AM

Treatments
Figure 4.5 The response to herbicide treatment overlaps with many downregulated
genes of hypoxia, darkness, and diurnal cycle.
The percent of genes downregulated by herbicide treatment (in the wild-type) that are
also downregulated by each of the other treatments are shown. An arbitrary cut-off
(‘scaled’ log2 [TL] < -7.5) was used to identify downregulated genes from the filtered
set as in Fig. 4.4.
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Herbicide stress has been shown to induce GCN2-mediated phosphorylation of
eIF2α and thus translational block (LAGEIX et al. 2008; ZHANG et al. 2008). The strongest
response to herbicide is seen in clusters 6 and 9. Interestingly, within cluster 6 are those
few mRNAs that still show a substantial translation repression in the gcn2 mutant,
suggesting that herbicide can act through a GCN2-independent mechanism as well. On
the other hand, the observation that herbicide stress triggers translation inhibition of
large numbers of mRNAs similar to hypoxia (3939 to 3991 or 80% of mRNAs in 12
clusters) and darkness (2533 or 51% of mRNAs in 11 clusters), and, to a lesser extent,
TuMV infection (1390 or 28% of mRNAs in 4 clusters), may suggest that these stresses
block translation via GCN2-mediated, eIF2α phosphorylation-dependent pathways (Fig.
4.3A, 4.5 and Appendix 4.1). Taken together, these results demonstrate that different
stimuli or stresses may regulate translation in similar ways. Here, our data strongly
suggest that the hypoxia response is GCN2 mediated. This notion requires experimental
confirmation.
Response to TuMV infection. It is also intriguing that many of the mRNAs in Clusters
3, 6, 9 and 12 are undertranslated in response to TuMV virus. Infection with another
RNA virus, TMV, has been suggested to induce eIF2 phosphorylation perhaps through a
postulated protein kinase R (PKR) like activity, i.e. a kinase other than GCN2 (BILGIN et al.
2003). This result here suggests that kinases other than GCN2 may exist that provide
translational repression.
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4.4.2 Gene ontology analysis of coregulated clusters of mRNAs
Gene ontology (GO) analysis was performed with the genes of the 12 k-means
clusters and four groups (Fig. 4.3B). Coregulation of genes with similar metabolic
function and biological process or location in specific cellular component was observed.
For example, mRNAs in clusters 6, 9, 10 and 12 were enriched for metabolic functions
including for proteins involved in translation (p-value = 1.34E−08 to 9.85E-72). Other
enriched GO terms in cluster 12 include RNA methylation (p-value = 1.43E−35). On the
other hand, transcripts that are upregulated only under 4h light, 12PM diurnal cycle,
and light to dark shift or TuMV are associated with chloroplast (p-value = 2.73E−04 to
1.11E-07), and enriched for proteins involved in nucleotide binding (p-value = 2.62E−04
to 9.90E-10). Transcripts which also show enrichment in chloroplast/ photosynthesis
are also found in clusters 4, 5 and 10. While these different clusters clearly differ in their
response profiles, for example in the way they respond to darkness and reillumination,
and also to mutations in the translation apparatus, the functional significance of such
translational behavior is currently unclear.
I also examined the translational behavior of all mRNAs related with protein
synthesis (translation factors, cytosolic and organellar ribosomal proteins) (Fig. 4.6A).
This analysis suggests that in fact the vast majority of these mRNAs belong into clusters
6, 9, 10 and 12. Moreover, about half of mRNAs encoding ribosomal proteins (RP) and
translation factors downregulate their translation in response to TuMV infection (data
not shown). Strikingly, chloroplast encoded RPs have a completely different
translational response profile, which does not resemble that of other chloroplast
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encoded genes (Fig. 4.6A,B). To further confirm that the unusual translation of
chloroplast-encoded RP mRNAs is not limited to a subset of the chloroplast encoded
RPs, all mRNAs that encode photosynthesis-related activities (n =101) were surveyed
(Fig. 4.6B). Nuclear-encoded mRNAs associated with photosynthesis (PS) activities show
similar regulation as seen for mRNAs encoding components of the translation
machinery, but not chloroplast-encoded PS mRNAs . Surprisingly, the set of chloroplastencoded RP mRNAs includes increased polysome loading in response to darkness and
12PM diurnal cycle. This result is superficially at odds with light dependence of
chloroplast translation (DENG and GRUISSEM 1987; DENG et al. 1989).
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Figure 4.6 Dynamics of translation of mRNAs encoding proteins for translation
machinery, photosynthesis, and biotic and abiotic stress.
(A) Heatmap display of nuclear-encoded mRNAs targeted to cytosolic and organellar
ribosomes, and translation factors (initiation, elongation and release) (n = 317). Note
the distinct response of chloroplast-encoded mRNAs to different environmental
conditions and mutations as shown for the listed genes. (B) Heatmap display of mRNAs
encoding components of photosynthesis (n = 101). The first 16 mRNAs in the
photosynthesis functional category are encoded by the chloroplast. The color panel
indicates undertranslation (blue), overtranslation (yellow) and no change (black) in
mRNA translation.
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Next, based on the evidence that many mRNAs characterized are enriched with
components of photosynthesis or associated with the chloroplast (Clusters 1, 2,4,5 and
10), I considered evaluation of all mRNAs encoding proteins of photosynthesis (n = 101).
mRNAs in this biological process showed a general simultaneous translation efficiency in
response to 6AM diurnal cycle, light treatments (4 h L, D  R shift) and mutation in
eif3h, and are generally inhibited by herbicide, hypoxia and darkness (Fig. 4.6B). A
significant decrease in translation state (‘polysome score’) of mRNAs encoding proteins
of photosynthesis functional class have also been reported in Arabidopsis in response to
exposure to high salinity and elevated temperature (MATSUURA et al. 2010) as well as rice
(O. sativa) cell cultures in response to high salinity (UEDA et al. 2012). Thus, these data
provide further evidence on the translational control of mRNAs encoding proteins
associated with photosynthesis by different environmental conditions including heat
and salinity, herbicide treatment, diurnal cycles, and the translation initiation factor
eIF3h. Taken together, these results clearly suggest that certain functional classes of
mRNAs are targets of translational control in response to several environmental
conditions and genotypes.
4.4.3 Effect of 5’-UTR and coding sequence length, and nucleotide content in 5’-UTR
To identify mRNA sequence features responsible for translational regulation,
individual or group of clusters from the meta-analyses were compared. First, a database
was prepared for length of coding sequence (CDS) and 5’ leader sequence (5’-UTR), and
mono- and dinucleotide contents in 5’-UTR. Arabidopsis 5’-UTR and CDS sequences
ranged in length from 1 to 2,063 nt and 22 to 16,182 nt with an average length of 138
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and 1326.4 nt, respectively (Fig. 4.7A,B). These lengths of sequences are slightly longer
than previously reported for Arabidopsis 5’-UTR and CDS length (124.7 nt and 1268)
from Arabidopsis full-length cDNA database (KAWAGUCHI and BAILEY-SERRES 2005).
However, the slight difference in sequence length can be attributed to the additional
sequence data made available for newly annotated genes. On the other hand, long CDS
and GC-rich 5’-UTRs containing mRNAs were shown to be poorly translated under mild
dehydration (KAWAGUCHI and BAILEY-SERRES 2005). Moreover, the prevalence of GC-rich
5’-UTR in ribosomal protein mRNAs with poor translation under darkness and hypoxia
stresses was also reported recently (JUNTAWONG and BAILEY-SERRES 2012).
Evaluating the effect of the length of the 5′-UTR and coding region (CDS) as well as
the mono- and di-nucleotide content of 5′-UTR for each of the 12 clusters of mRNAs
(Fig. 4.3), I identified mRNAs in clusters 6 and 9-12 have shorter than average 5’-UTR
and CDSs (Fig. 4.7A, B), and mRNAs in clusters 9-10, and 12 have higher than average GC
content (Fig. 4.7C). Moreover, mRNAs in clusters 9-10, and 12 show significant
deviations in 5’-UTR G and C+U contents (Fig. 4.7D, E). These mRNA classes share
significant enrichment for proteins involved in translation, and are generally regulated
by all of the environmental conditions. On the other hand, mRNAs in clusters 1-3, which
are associated with chloroplast/photosynthesis activities and/or nucleotide binding
show longer than average 5’UTRs and CDSs, and lower than average 5’-UTR GC content
(Fig. 4.7A, B, C). Other significant deviations include CU-rich regions of at the 5′-UTR of
mRNAs (Cluster 6), G-content (Clusters 1, 4 and 7) and A-content (Clusters 6, 8 and 12)
(Fig. 4.7D, E, F).
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Figure 4.7 Evaluation of sequence features of mRNA clusters coregulated by subsets of
environmental and genotype conditions.
Survey of mRNA nucleotide sequence features for each of the clusters of mRNAs
represented in Fig. 4.3. (A) Length of the 5’-UTR in nucleotides (nt). (B) Length of the
coding sequence (CDS; nt). (C) G + C content (%) of the 5′-UTR. (D) C + U content (%) of
the 5′-UTR. (E) G content (%) of the 5′-UTR. (F) A content (%) of the 5′-UTR. Values are
mean and SEM for the mRNAs of the 12 clusters (C1 to C12), the entire set of mRNAs
with two-or more fold change in translation state in at least one dataset and ‘P’ calls in
all bioreplicates (Filtered), and all Arabidopsis mRNAs with 5′-UTR or CDS from TAIR10
(All). An asterisk indicates a significant difference as compared to the mean of all filtered
set of mRNAs by use of the Student’s t-test (p < 0.001).
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The observation that mRNAs classified to be enriched in certain functional
categories but belong to at least two clusters, such as RP and photosynthesis-related
mRNAs, show different sets of sequence features suggest that a subset of these mRNAs
share one set of sequence feature while the other subset possess other shared features.
In any case, however, these results support the hypothesis that clustered genes share
common regulatory elements, including 5′-UTR G + C content, shorter or longer CDSs
and 5’UTRs, and these elements might contribute to dynamics in translation status
observed in response to environmental conditions and mistranslation of eif3h and
rpl24b.

4.5 Conclusions
In this study, I have examined the lack or presence of coordinated translation
regulation under different environmental conditions and genotypes. In summary, by
simultaneous analyses of several datasets, we identified shared and distinct translation
controls patterns as well as common denominators that underlie the lack and absence
of coordinated control. Moreover, with this meta-analysis, we gained a more
comprehensive understanding of translation control during biotic and abiotic stresses.
The coupling of microarray data with functional analysis of candidate genes will lead to
a more comprehensive understanding of the molecular basis of a plant's response to the
environment.
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4.6 Appendix

Appendix 4.1 Pattern of changes in translation state for all genes analyzed.
Data are ‘scaled’ changes in translation state for groups or individual clusters of mRNAs,
with the order of individual datasets as described in Fig. 4.3 and 4.6. Colors indicate
undertranslation (blue), overtranslation (yellow), and no change in translation (black)
with a scale of -35 to 35.
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